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Abstract 
 
Managing carbon emissions without discouraging production improvement has positive 
environmental and economic implications in sustainable development. Effective 
performance measurement can support the improvement of production performance and 
the reduction of carbon emissions. However, current research generally neglects carbon 
emissions in performance measurement in the construction domain. This study aims to 
improve construction industry performance through developing non-parametric 
approaches for performance measurement and driving forces analysis. The Australian 
construction industry during the period 1990–2013 is employed as an example in this 
research.  
 
This study reviews the methods related to efficiency performance measurement and 
selects Data Envelopment Analysis (DEA) as the primary method to measure 
performance. Carbon emission performance in a total factor production framework is 
then measured based on the efficiency of carbon emissions using the DEA-based 
Malmquist index. Two productivity indicators are evaluated considering both 
construction growth and carbon reduction. Carbon productivity changes are assessed 
using the Log Mean Divisia index. Total factor productivity changes are assessed by 
applying a sequential Malmquist–Luenberger productivity index. A method called 
slacks-based DEA is established to assess eco-efficiency, which is an integrated 
indicator that simultaneously measures economic growth, resource conservation and 
environmental protection. Intertemporal and window benchmark technologies are 
respectively applied to construct DEA models for comparing the eco-efficiency results 
in temporal and spatial dimensions. Moreover, the evaluation of profitability 
performance, efficiency and effectiveness is implemented through a global relational 
two-stage DEA method. Finally, carbon reduction targets and opportunity costs are 
assessed using several DEA models in different production scenarios. 
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To summarise all measurement results, although performance across the whole 
construction industry demonstrated a significant increase, its performance could be 
further improved over time. Performance gaps among the regional construction sectors 
became apparent over the research years in Australia, due to different rates of 
performance development. Additionally, carbon emissions could be further abated so as 
to achieve low-carbon growth in the Australian construction industry. Learning 
techniques from the benchmark sectors including the ACT, the NT and WA, would be 
beneficial for performance development across the whole industry. Technological 
innovation and active application of advanced technologies have promoted and could 
further promote performance. Pure technical efficiency, which has hindered 
performance enhancement, must be further improved. Therefore, this research 
contributes to policy implications and possible measures for both carbon reduction and 
sustainable development in the Australian construction industry through investigating 
the driving forces, carbon reduction objectives, and efficiency performance at key time 
points. The approaches developed in this research are generic and could assist 
construction industries and organisations to measure, compare and evaluate 
performance, and then to identify the driving forces in order to improve performance. 
The developed approaches promote the progress in modelling performance measurement 
especially in relation to reducing undesirable outputs, such as building original DEA 
models, achieving new research targets by utilising current DEA techniques, integrating 
advanced benchmark technologies and decomposition methods. 
IV 
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Chapter 1   Introduction 
 
1.1 Problem statement  
1.1.1 Construction industry performance measurement 
Why measure industry performance? The metrics of performance measurement have 
become important in an increasingly competitive and complex global business 
environment over the past few decades (Yang et al., 2010). A principal aim of 
performance measurement is to promote various inspections and then enhance 
production efficiency through analysing the detailed information obtained from 
performance evaluation objectives and methods (Thanassoulis, 2001). Performance 
measurement can achieve two basic purposes: describing general business health in 
providing a broad but comprehensive view of business performance in various aspects; 
and measuring strategic performance, which can monitor the performance of strategic 
objectives and management (Bassioni et al., 2005). Performance measurement has been 
widely carried out in many industrial areas, e.g. overviews of research in the hospitality 
industry (Nickson et al., 2002), the food industry (Furtan & Sauer, 2008) and the 
pharmaceutical industry (Lynch & Wilcox, 2011). In general, performance evaluation 
objectives and functions can be summarised as: performance trend over time for each 
decision-making unit (DMU) at each time point; identification of benchmarks of good 
operational practices; most productive operating scales; scope for saving resources and 
increasing outputs; suitable pathways for inefficient DMUs to enhance their 
performance; and directions of substitution between production factors. As a result, the 
issues in relation to performance measurement are vital for making and implementing 
business strategies to maintain competitive advantage in a changing business 
environment (Halkos & Tzeremes, 2012).  
 
The construction sector is a significant component of the economic landscape, in which 
performance measurement could play a significant role in construction industrial 
development. The significance of the construction industry is embodied not only in its 
size, but also in its importance for promoting economic growth, probably due to the fact 
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that the construction sector is strongly linked to other economic activities (Crosthwaite, 
2000). The construction industry is one of the chief sectors accounting for a considerable 
proportion of national gross domestic product (GDP) and is the largest industrial 
employer in most countries (Horta et al., 2013). Therefore, performance improvement in 
the construction industry delivers significant benefits nationally via constraining 
resource consumption, driving environmental sustainability and improving construction 
productivity. Various studies of performance measurement can be found from academics 
and practitioners in the construction domain, as performance measurement is crucial for 
management activities (Tsolas, 2011). It is argued that performance measurement is 
desirable in the construction research area, based on a recent review of performance 
measurement both in general and in the construction industry (Yang et al., 2010). 
 
Although efficiency performance measurement has attracted increasing attention in the 
construction domain, its underperformance has been criticised in previous literature and 
industry reports (e.g. Adetunji et al., 2003; Bassioni et al., 2005; Yang et al., 2010). The 
underperformance of the construction industry can be demonstrated in various aspects, 
such as consuming more resources (e.g. materials, energy, labour, land) than needed, 
producing fewer contributions (e.g. value added, profit) than expected, and generating 
more waste and pollution (e.g. construction waste, greenhouse gas [GHG] emissions) 
than low-carbon construction. In order to enhance performance in the construction 
industry, two essential functions of performance measurement methods need to be 
achieved: measurement of performance result factors, and identification of performance 
driving forces (Bassioni et al., 2005). Therefore, this study concentrates on evaluating 
construction industry performance trends and then investigating the driving forces for 
these trends, so as to promote construction industry performance development, 
especially given the pressures of climate change. 
 
1.1.2 Greenhouse gas emissions 
Climate change, which is one of the most serious environmental problems, is now a 
critical challenge for sustainable global development, as it has led to various 
development problems such as longer periods of drought (Dai, 2011), rising sea levels 
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coupled with coastal flooding (Nicholls & Cazenave, 2010), the possible spread of 
infectious diseases (McMichael et al., 2006), and effects on atmospheric and ocean 
circulation that impacts rainfall and wind patterns (Australian Government Department 
of the Environment, 2015). Climate change is primarily the result of increases in GHG 
emissions that are largely due to human activity (Wu et al., 2013), such as the use of 
fossil fuels (coal, oil and natural gas), agriculture and land use. Excessive GHG 
emissions are harmful to the maintenance of the Earth’s climate and temperature 
(Avetisyan et al., 2011). Consequently, many national and international strategies have 
been devised to minimise the GHG footprint on the Earth. For example, the Australian 
Government promised that Australia would unconditionally reduce its GHG emissions 
by 5% below 2000 levels by the year 2020 and by up to 15% or even 25% if the world 
agreed to an ambitious global deal (United Nations Frame Convention on Climate 
Change, 2009). 
 
Environmental sustainability is also a major issue for the construction industry 
(Ozorhon, 2013). It is evident that the built environment and construction activities are 
significantly related to environmental issues of waste production, energy utilisation and 
GHG emissions (UK Department for Communities and Local Government, 2007). For 
instance, approximately 1.7% of US GHG production (as of 2003) or 6% of the total US 
industry-related GHG emissions is related to the construction industry, which sits in the 
list of high emitters in the USA (Avetisyan et al., 2011). United Nations Environmental 
Programme – Sustainable Buildings and Climate Initiative (2008) indicated that 30% of 
all GHG emissions result from the global building sector and this will more than double 
in the next 20 years if conditions remain unchanged. In fact, the current unsustainable, 
low-productivity and underperformance conditions of the construction industry have 
been subject to wide criticism (Adetunji et al., 2003). As a result, following increasing 
emphasis on sustainability from governments, clients and stakeholder groups, the 
construction sector must become more accountable for environmental issues (Thorpe et 
al., 2008). 
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In summary, performance measurement is a vital development issue for the construction 
industry. However, how can construction industry performance be measured when 
considering GHG emissions in different production requirements? What are the 
principal driving forces of performance changes in the low-carbon development of the 
Australian construction industry? Accordingly, performance evaluation and the 
identification of development pathways for encouraging construction growth without 
discouraging carbon reduction have both economic and environmental implications for 
the construction industry and further for global development. 
 
1.2 Research aims and objectives 
A production process can be described as the transformation of inputs into outputs (e.g. 
Thanassoulis, 2001). A traditional simplified model for a production process is shown in 
Figure 1-1. In general, a DMU operating a production is intended to achieve desirable 
(useful/good) outcomes. However, at the same time undesirable (useless/bad) outputs 
are produced as by-products, such as waste, rubbish, GHG and/or accidents. The 
undesirable outputs not only generate negative effects which waste input resources in 
production, but also lead to environmental and social problems. As a consequence, in the 
simplified input–output model, outputs should be decomposed into undesirable outputs 
and desirable outputs, as depicted in Figure 1-1. 
 
 
 
Figure 1-1 The simplified input–output models in production  
 
From Figure 1-1, improving production performance should include increasing desirable 
outputs and reducing undesirable outputs under given inputs. Traditional performance 
measurement generally assesses the production of desirable outputs. However, some 
recent studies have shown that performance measurement should also include 
undesirable outputs (e.g. Färe et al., 2012). It is significant to evaluate production 
performance from simultaneous viewpoints of increasing desirable outputs and reducing 
undesirable outputs so as to develop healthy production performance. This study selects 
Inputs Outputs Inputs 
Desirable outputs 
Undesirable outputs 
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carbon dioxide equivalent ( -e)1 as a type of undesirable output in order to evaluate 
performance for the construction industry, due to the significance of carbon emissions 
and data availability in the study case of the Australian construction industry.  
 
The aim of this research is to improve construction industry performance with carbon 
reduction through multidimensional performance measurement and driving forces 
analysis using non-parametric methods. This aim is achieved through the following 
research objectives. 
x To evaluate carbon emission performance and its driving forces in the context of 
reducing undesirable outputs in Chapter 3 
x To explore the trends and driving forces of partial factor productivity (PFP) and total 
factor productivity (TFP) in the contexts of reducing undesirable outputs and 
increasing desirable outputs in Chapter 4 
x To measure and assess eco-efficiency trends and driving forces in the contexts of 
reducing undesirable outputs, increasing desirable outputs and conserving inputs in 
Chapter 5 
x To assess profitability performance and its influencing factors in a two-stage 
production structure when considering input and undesirable output constraints in 
Chapter 6 
x To investigate possible carbon reduction targets in different production scenarios and 
then to analyse the feasibility of carbon reduction in Chapter 7 
x To advance the methodology of performance measurement, especially in promoting 
innovations and applications of the method utilised. 
 
                                                 
1 Carbon dioxide equivalent ( -e) is a common unit for describing different types of GHG 
(Brander & Davis, 2012). Hence, -e is utilised to refer to GHG in this study in general, 
sometimes using ‘carbon’ as shorthand. 
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1.3 Significance of the research 
Is it important for economic growth to integrate resource conservation and 
environmental protection? Many previous studies have highlighted that the construction 
industry should confront this critical question (e.g. Tatari & Kucukvar, 2011; Langston, 
2013). The construction industry contributes 5–10% of national GDP globally, while the 
built environment demands 40–50% of global resources and produces a proportional 
amount of waste (Langston & Ding, 2001). Furthermore, the construction industry, 
which plays a significant role in creating and providing facilities for economic growth, is 
intended to meet growing requirements for social development and human activities. As 
a result, resource consumption is indisputably increased and this inevitably creates more 
environmental problems such as carbon emissions and waste generation. Accordingly, 
construction should aim to achieve sustainable development in harmony with economic 
growth, resource conservation and environmental protection. Ecological modernisation 
theory, which was first proposed in the 1980s, believes economic growth can be 
achieved in conjunction with environmental protection through human ingenuity, such 
as technical innovations that promote productivity without using more materials and 
energy, thereby decreasing environmental degradation (Revell, 2007). Hence, this 
research focuses on the construction industry to explore pathways towards sustainable 
development. 
 
Promoting construction growth with reasonable consumption of materials and without 
damaging the environment is a critical issue for performance development in the 
construction industry. First of all, the construction industry plays a vital role in economic 
and social progress. For example, the Australian construction industry shared an average 
percentage of 8.87% of total employed persons in 2014 (Australian Bureau of Statistics 
[ABS], 2015), and its goods and services had an 8.52% share of total factor income in 
2013–14 (ABS, 2014). At the same time, the influence of the construction industry is 
extended through heavy investment in construction projects, which entails high 
consumption of materials, water and energy. For instance, according to Dimoudi & 
Tompa (2008), the global construction of buildings annually consumes 25% of the 
world’s timber, 16% of the world’s water and 40% of the world’s stone, sand and gravel, 
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from data of the State of the World; moreover, 25–40% of total energy is consumed in 
the building and construction sector in countries of the Organisation for Economic Co-
operation and Development. In addition, the construction industry is also a primary 
contributor to environmental problems such as natural resource depletion, solid waste 
generation and global warming (Tatari & Kucukvar, 2011). In order to achieve a 
harmonious relationship among economic growth, resource conservation and 
environmental protection, this study measures different performance trends and 
investigates driving forces underlying performance changes in diverse construction 
production scenarios. 
 
Importantly, certain performance assessment tools and metrics must be implemented in 
the process of enhancing sustainability for the construction industry (Tatari & Kucukvar, 
2011). Based on the concepts of construction ecology and metabolism, Kibert et al. 
(2000) attempted to discover a path towards the ideals of sustainability for the 
construction industry and its supporting material industries. Chiang et al. (2014) 
provided a computational method to identify the optimal solutions for sustainable 
building maintenance by optimising life-cycle carbon, cost and labour. An assessment 
tool of environmental performance which is utilised to produce specific, measurable 
goals and objectives in environmental management processes, such as planning, 
implementation, monitoring, measurement and management review, was employed to 
establish environmental policies, objectives and targets for the Hong Kong construction 
industry (Tam et al., 2006). Tatari & Kucukvar (2011) measured eco-efficiency on the 
basis of the ratio between life-cycle assessment and life-cycle cost for exterior wall 
finishes in the USA and showed that eco-efficiency is a useful tool in making decisions 
on sustainable development for infrastructure projects. Previous researchers also 
investigated other important environmental issues in the construction domain, such as 
sustainable construction (e.g. Hill & Bowen, 1997; Kibert, 2012) and green building 
(e.g. Abdallah et al., 2013; Calautit et al., 2013). However, a key difficulty is how to 
assess the environmental, social and economic dimensions objectively and 
systematically (Tatari & Kucukvar, 2011).Therefore, identifying suitable performance 
evaluation tools and metrics is the foundation for measuring and then developing 
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construction sustainability performance. This study comprehensively and quantitatively 
evaluates construction industry performance by employing multidimensional 
performance metrics and using innovative assessment tools. 
 
 
Moreover, the research results in this study have implications for enhancing 
performance with carbon reduction in the construction sector, especially for achieving 
low-carbon development in the case of the Australian construction industry. Low-carbon 
development is a new pattern of development that aims to reduce carbon emissions 
while not affecting economic growth, which contributes to achieving sustainable 
development of the environment, economy and society (Zhou, 2014). The measurement 
results in this study not only illustrate performance trends in different low-carbon 
production contexts, but also examine the driving forces underlying performance 
changes. Furthermore, various carbon reduction targets are measured for different 
production scenarios.  
 
1.4 Thesis structure 
The thesis consists of eight chapters as summarised below: 
 
Chapter 1 provides the introduction to the research study in the thesis. It comprises the 
research background, aim and objectives in order to map out the imperative for the 
research. The significance of the research is also discussed within this chapter. 
 
Chapter 2 systematically describes the research foundations of this study. The methods 
of production performance measurement based on efficiency results are reviewed. This 
chapter also discusses the advantages and disadvantages of these methods and explains 
the reasons that the study selects Data Envelopment Analysis (DEA) to measure 
construction industry performance. The general concepts related to production 
efficiency, underlying assumptions and benchmark technologies in DEA are provided. 
DEA applications and performance measurement indicators in construction are also 
discussed in this chapter. The limitations of previous studies are furthermore explored. 
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Finally, the reasons for selecting the case of the Australian construction industry are 
provided, and the input and output variables in DEA are identified and the sample data 
are statistically described.  
 
Chapter 3 presents a measurement that focuses on evaluating carbon emission 
performance in a total factor production framework based on the efficiency of -e 
emissions. The Malmquist index based on the DEA technique and sequential benchmark 
technology is utilised to quantify performance in relation to -e emissions. The 
driving forces for the performance changes, including technological change, pure 
technical efficiency change and scale efficiency change, are discussed. Technology 
benchmarks are then identified for the Australian construction industry. 
 
Chapter 4 evaluates construction industry performance, considering both construction 
growth and carbon reduction. Carbon productivity (CP) is assessed from a partial 
perspective and then the influencing factors for CP changes are explored using a 
decomposition method with the Log Mean Divisia index, including technological 
innovation and structural adjustment factors. In a total factor framework, an evaluation 
of TFP is made by applying a sequential Malmquist–Luenberger productivity index, 
which is decomposed into pure technical efficiency, scale efficiency and technological 
change indices, in order to investigate the driving forces for TFP changes. Temporal–
spatial comparisons of CP and TFP indices are then discussed. 
 
Chapter 5 establishes a method called slacks-based DEA to assess eco-efficiency, which 
is an integrated indicator that simultaneously measures economic growth, resource 
conservation and environmental protection. Intertemporal and window benchmark 
technologies are respectively applied to define technology sets in two DEA models so as 
to compare eco-efficiency results in temporal and spatial dimensions. Efficiency change 
and technological change, which are two driving forces for eco-efficiency changes, are 
examined through a production-theoretical decomposition analysis and further 
investigated by a regression analysis.  
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Chapter 6 investigates profitability performance by developing a global relational two-
stage DEA method under undesirable outputs and inputs constraints. This method 
produces more effective and informative performance results by investigating the 
efficiencies of individual stages. Profitability performance, efficiency and effectiveness 
are respectively measured for the whole construction system and for its individual 
stages. Moreover, overall pure technical efficiency and overall scale efficiency changes 
are measured in order to identify the influencing factors for profitability performance 
changes. 
 
Chapter 7 presents the preliminary analyses of carbon reduction targets and opportunity 
costs in different production scenarios. The carbon reduction targets, including 
maximum, input, technical and ideal reduction targets, are identified and then calculated. 
Four DEA models based on sequential benchmark technology and variable returns to 
scale are introduced to measure these reduction percentages. The opportunity costs of 
different reduction targets are further measured in order to evaluate the influences of 
carbon reduction. 
 
Chapter 8 concludes the thesis with a final discussion of to the research aims and 
objectives. Further research suggestions and the limitations of this research are also 
discussed with the intention of contributing to research in performance measurement, 
carbon reduction and DEA development. 
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Chapter 2   Research foundations 
 
Chapter 1 has shown that performance measurement and -e reduction are significant 
issues in construction. From Chapter 3 to Chapter 7, a series of performance evaluation 
indicators will be measured and investigated by different research methods for the case 
of the Australian construction industry. In advance, this chapter systematically describes 
the research foundations for the following chapters. Firstly, performance measurement 
indicators in construction are overviewed in order to classify the performance 
measurement indicators applied in this study. Secondly, through summarising the 
methods of production performance measurement based on efficiency results, the 
reasons for selecting DEA as the primary research method in this research are presented. 
Thirdly, the general concepts of DEA are provided so as to describe the research basis of 
the method, including the theory about production efficiency, underpinning assumptions, 
benchmark technologies and applications in construction. Fourthly, the limitations of 
previous research are roughly discussed. The exhaustive limitations are displayed in 
every chapter. Finally, the input and output variables in the Australian construction 
industry are identified and the sample data are described. 
 
2.1 Performance measurement indicators in construction 
The construction industry demonstrates performance through various aspects, such as by 
means of material purchases, project bidding, construction processes and project 
delivery. In construction, various performance evaluation indicators have been 
developed in order to achieve different research objectives. Lin & Shen (2007) presented 
a critical review of the performance of value management studies in construction in 
general and suggested how to develop a performance measurement framework for value 
management studies; the main performance measurement aspects in construction are 
human resource performance, technology innovation, procurement performance, safety 
performance, environmental performance, design performance, post-occupancy 
evaluation, maintenance, thermal and air conditioning, participant satisfaction, cost 
performance, quality performance and time performance. Yang et al. (2010) reviewed 
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the literature of performance measurement in construction from the view of 
measurement levels, frameworks and research techniques. Deng & Smyth (2013a) 
carried out a critical review of empirical research on a contingency-based approach to 
firm performance in construction and also pointed out the implications of measuring 
firm performance for both researchers and practitioners, where the key performance 
indicators are profitability, external satisfaction, overall performance, schedule 
performance, cost performance, quality performance, revenue/sales and so on.  
 
Performance measurement in construction can be classified into three levels: the project 
level (e.g. Abbasian-Hosseini et al., 2014); organisational level (e.g. Li et al., 2013); and 
industry level (e.g. Horta et al., 2013). The main performance indicators at the project 
level include environmental performance, safety performance, technology performance, 
and so on (Yang et al., 2010). Many excellent organisational performance programs 
have been implemented in the construction industry worldwide, such as the European 
Foundation for Quality Management excellence model, key performance indicators and 
the balanced scorecard (Jabareen, 2009). The performance of the construction industry 
has been investigated from an industrial organisation perspective (Liu et al., 2013b), 
from a public management view (Lin & Tan, 2014) and from the productivity 
perspective (Vogl & Abdel-Wahab, 2014). Furthermore, the overall industry 
performance can be described as the performance of all construction companies (e.g. 
Horta et al., 2013). 
 
Lin & Shen (2007) review papers related to performance measurement in construction 
and classify them into those with partial performance measurement and those with 
overall performance measurement. Partial performance studies demonstrate one aspect 
of performance (Lin & Shen, 2007; Deng & Smyth, 2013a), such as safety performance, 
profitability or schedule performance, and therefore are incapable of giving a complete 
view of performance. Overall performance is a combination of technical/functional 
performance and process/expressive performance, and can comprehensively describe 
what construction ‘is’ and how it ‘works’ (Liu & Fellows, 1999). Accordingly, overall 
performance can be regarded as a single indicator to measure performance in 
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construction management research (Deng & Smyth, 2013a). The evaluation of overall 
performance, which can prevent straightforward decisions that improve one metric at the 
expense of decreasing overall firm efficiency, is particularly important (El-Mashaleh et 
al., 2007).  
 
In this research, performance evaluation is done on a construction industry level. The 
performance measurement indicators consist of carbon emission performance, CP, TFP, 
eco-efficiency and profitability performance. Carbon emission performance is a type of 
partial performance indicator, although it is measured in a total factor framework. CP is 
a partial performance indicator. TFP is an overall performance indicator which is 
measured from an output-oriented function viewpoint. Because eco-efficiency is 
measured from an integrated view of inputs, undesirable and desirable outputs, it is a 
type of overall performance indicator. Profitability performance is a partial performance 
indicator, although it is measured in a two-stage construction framework. 
 
2.2 Methods of efficiency performance measurement 
Performance can be measured as to quality and/or quantity. Efficiency is a common 
quantitative metric of performance measurement. Efficiency measurement has been an 
essential subject for organisations which struggle to improve production performance 
(Cook & Seiford, 2009). Due to the complex nature of production economics, a variety 
of efficiency measurement methods have been modelled in different research areas. The 
main quantitative techniques of production performance measurement based on 
efficiency results include direct measurement and modelling measurement. The 
framework of the measurement techniques is shown in Figure 2-1. Some partial 
comparisons among those techniques can be identified in previous studies (e.g. Singh et 
al., 2000; Hampf, 2013; Marsh, 2013; Sampaio, 2013). 
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Figure 2-1 The framework of efficiency performance measurement techniques  
 
Direct measurement is typically utilised in one-dimensional measurement. It can be 
called the measurement method of performance indicators (Thanassoulis, 2001). Direct 
measurement is a simple and commonly application method in measuring DMU 
performance. An indicator of direct performance measurement is typically a ratio of a 
certain output to the input referring to the unit being assessed. For example, Jarkas & 
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Bitar (2011) defined PFP indicators which establish a relationship between outputs and a 
single input, as an illustration, where equipment or plant productivity is defined by 
output quantity divided by equipment or plant hours. According to the ABS, an indicator 
of labour productivity is estimated as the ratio of real GDP per person employed or per 
hour worked and an indicator of capital productivity is the ratio of real GDP per unit of 
capital services utilised in production. In the chapter 3 of this research, the performance 
measurement indicator for CP is defined by the ratio of industry gross value added per 
carbon emissions. All of these are direct measurements. The primary advantages of 
direct measurement are that it is easy to obtain calculated data and for these to be 
compared, computed and understood. However, the greatest limitation of direct 
measurement is that it is unable to explain overall performance or reflect performance 
within a total factor framework, so that it would mislead production decisions if direct 
measurement indicators were utilised alone.  
 
The technique of modelling measurement attempts to measure performance from a 
system perspective. Modelling is the process of building a representation for a specific 
object or DMU that needs to be measured (Liu et al., 2014). Modelling measurements 
establish a model to assess the performance of DMUs, generally from multi-dimensional 
or total-factor perspectives. The advantages and disadvantages of modelling 
measurements are primarily in contrast to those of direct measurement. The greatest 
advantage of modelling measurement is that it can measure performance systematically 
within a model, especially in relation to multi-inputs and multi-outputs. Accordingly, the 
results from modelling measurement can reflect the research objectives more accurately 
and completely than the results from direct measurement can. However, the main 
weakness of modelling measurement is that it is hard to construct an appropriate and 
correct model. Knowing how to obtain data and calculate measurement models may be 
difficult in the measurement process. Previous studies (e.g. Coelli et al., 2005; 
Kourouche, 2008; Hampf, 2013) have reviewed the techniques of modelling efficiency 
measurement. A popularly utilised pathway to divide these techniques into groups of 
similar methods is essentially to classify the techniques as three clusters, consisting of 
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parametric, semi-parametric and non-parametric estimations. The primary differences 
among these are illustrated in Table 2-1. Detailed discussion follows. 
 
Table 2-1 Comparisons among parametric, semi-parametric and non-parametric 
estimations 
 Key features Key advantages Key disadvantages 
Parametric 
estimation 
Assumption of a 
specific production 
function to measure 
performance 
Allows for 
statistical testing 
Results are sensitive to a specific 
parametric function that is 
defined by the researcher; 
hardly account for any random 
errors or accommodate multiple 
outputs 
Semi-
parametric 
estimation 
A two-step 
procedure, combining 
parametric and non-
parametric 
estimations 
Can choose a 
correct production 
functional form 
Needs a specific distributional 
assumption regarding error terms 
Non-
parametric 
estimation 
Econometric/ 
mathematical 
programming 
Does not rely on a 
specific production 
function with 
parameters; Not 
need distributional 
assumptions 
Does not explicitly include an 
error term for measurement or 
sampling errors 
 
2.2.1 Parametric estimation 
Parametric estimation refers to methods that employ statistical, economic or 
mathematical techniques to estimate parameters that are utilised to build a specific 
production function for measuring efficiency. As an illustration, Chen & Santos-Paulino 
(2013) employed the parametric method to describe the industrial production function 
and re-estimate the energy consumption that restricted productivity and industrial 
sustainability. A significant characteristic of parametric estimation is that it constructs a 
specific function, including production variables and distribution assumptions, so as to 
evaluate production efficiency. Therefore, parametric estimation requires the selection of 
constraints that are imposed on an appropriate measurement functional form which 
should resemble an actual production process as closely as possible (Coelli et al., 1999). 
Due to unique production features among different DMUs, the selected specific 
functional form may be suitable for some DMUs and unsuitable for others in describing 
the production processes, which is a critical limitation of parametric estimation 
(Kourouche, 2008). Another important limitation is that it is incapable to accommodate 
17 
 
production with multiple outputs. However, an advantage of parametric estimation is 
that the calculated results allow for statistical testing. A recent literature review of 
parametric estimations can be identified in Sampaio (2013).  
 
Based on whether a frontier is built into the estimation process or not, parametric 
estimation methods can be separated into two groups: the frontier approach and the non-
frontier approach. A comparison between the frontier approach and the non-frontier 
approach is presented in Table 2-2. 
 
Table 2-2 Comparisons between frontier and non-frontier approaches 
 Key features Key advantages Key disadvantages 
Frontier 
approach 
Build a production 
frontier by enveloping 
sample DMUs 
Consider inefficiency 
of production 
Need sufficient quantities 
of sample data 
Non-
frontier 
approach 
Use a standard growth 
accounting framework 
Can analyse 
contributions of each 
input 
Assume no inefficiency in 
production; 
may result in biased 
measurement 
 
Frontier approaches generally build a production frontier by enveloping the sample data 
set to describe the behaviours of all similar DMUs. Worthington (2014) reviewed 
frontier approaches in relation to efficiency and productivity measurement in urban 
water utilities. In an efficiency measurement process, the best frontier represents the 
maximum limit of production using the best-practice approach (Emrouznejad & 
Cabanda, 2014). An efficiency value can be attained by comparing the frontier DMU 
and the observed DMU, which is discussed in Section 2.2.1. The availability of 
sufficient quantities of DMUs is the foundation for building production frontiers and this 
is a disadvantage of using frontier approaches. Their primary advantages include that 
production inefficiency is considered and that the calculated results can be further 
decomposed. The primary types of frontier approach are stochastic frontier analysis 
(Cazals et al., 2002) and deterministic frontier analysis (Aigner & Chu, 1968). 
 
x Stochastic frontier analysis involves the use of econometric methods to specify 
the functional form and allows for random errors via a two-part error term, which 
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was proposed by Aigner et al. (1977). The calculated results in stochastic frontier 
analysis depend on a suitable functional form and correct assumption of the 
distribution. Moreover, as a parametric method, it accounts for data noise and 
allows for conventional tests of the hypotheses (Dzeng & Wu, 2013). As an 
illustration, it was utilised to investigate the cost efficiency of the construction 
industry in Taiwan, illustrating the relationships between input resources and 
cost efficiency (Dzeng & Wu, 2013).  
x Deterministic frontier analysis estimates a production function where all DMUs 
lie on or below the production frontier (Aigner & Chu, 1968). It is an earlier 
approach in measuring efficiency and does not take random error into account. 
For instance, Zayed & Halpin (2005) applied deterministic frontier analysis for 
assessing the productivity and cost of bored piles in construction. 
 
Atkinson & Cornwell (1998) compared the frontier and non-frontier approaches in 
estimating radial measures of productivity growth. Unlike frontier approaches, non-
frontier approaches assume no inefficiency in production. In other words, non-frontier 
approaches treat all DMUs as technically efficient. As a result, these approaches are 
unable to identify technical inefficiency in the measurement of DMUs. Non-frontier 
approaches generally use econometric methods to construct average practice functions 
such as a production function, cost function, revenue function and profit function, and 
therefore they can analyse the contribution of each input. However, although there are 
various function forms in non-frontier approaches, these approaches are restricted in to 
how to correctly and appropriately choose specific functions and estimating parameters 
in efficiency measurement.  
 
2.2.2 Semi-parametric estimation 
Semi-parametric estimation uses a two-step produce to measure efficiency, where the 
procedure usually includes a parametric method and a non-parametric method (Hampf, 
2013). Consequently, semi-parametric estimation possesses the advantages and 
disadvantages of both parametric and non-parametric estimation. Through reviewing 
studies of so-called semi-parametric estimations, it can be found that semi-parametric 
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estimations generally use a non-parametric estimation as the primary method and then 
employ a parametric estimation as a secondary method to further study the estimation 
results or variables. For instance, Afonso & Aubyn (2006) applied a two-stage semi-
parametric procedure in which efficiency scores were measured by DEA in the first step 
and these scores were explained in a regression model in the second step.  
 
2.2.3 Non-parametric estimation – Index numbers 
Non-parametric estimation is becoming more commonly applied in the area of 
economics and econometrics (Marsh, 2013). Non-parametric estimations typically 
employ econometric or mathematical programming models to measure efficiency. 
Compared to parametric and semi-parametric methods, which both assume a specific 
production function in estimation, non-parametric estimations do not consider how to 
choose a specific production function and are not concerned with how to impose 
distributional assumptions on efficiency measurement (Hampf, 2013). However, these 
estimations cannot explicitly include an error term for measurement or sampling errors 
(Grosskopf & Valdmanis, 1987). For example, Sumardi & Anaman (2004) evaluated the 
overall aggregate inefficiency of resource use and investigated the factors affecting 
aggregate labour demand in relation to the construction industry in Brunei Darussalam 
using a non-parametric method. Like parametric estimations, based on whether or not a 
production frontier must be built into the measurement, non-parametric estimations can 
also be divided into frontier approaches and non-frontier approaches. A comparison 
between the frontier approaches and the non-frontier approaches has been presented in 
Table 2-2. The typical methods of non-frontier approaches and frontier approaches are 
index numbers and DEA, respectively.  
 
Index numbers, which generally involve a variation in prices or quantities of goods or 
services, are a practical and convenient way to describe such variations (de Oña et al., 
2015), particularly when exploiting the data that are available in a standard accounting 
framework (Singh et al., 2000). It should be noted that direct measurement (one-
dimensional measurement) can be considered a special type of index numbers, because 
direct measurement uses a single indicator to measure efficiency. The main advantages 
20 
 
in the index numbers approach are that it is transparent, reproducible and easy to 
calculate, and moreover, can be utilised with a small number of DMUs.  
 
However, a crucial weakness is that the index numbers approach cannot identify 
production inefficiency (Maniadakis & Thanassoulis, 2004). The common index 
numbers utilised in an efficiency decomposition analysis usually have two critical 
problems: how to minimise residuals in the obtained results; and how to treat the value 
of zero in the data set (Ang & Choi, 1997). Moreover, this approach cannot investigate 
sampling errors and requires the assumption of constant returns to scale (CRS). 
Performance measurement using index numbers is a mature method which has been 
reviewed and developed by previous studies (e.g. Allen, 1975; Caves et al., 1982; Sato 
& Ramachandran, 2014). Key index numbers approaches can be classified into two 
groups: those linked to the Laspeyres index; and those linked to the Divisia index (Ang, 
2004), as described in Figure 2-2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2-2 Groups of key index numbers approaches 
 
The Laspeyres index is based on the concept of ordinary percentage change and 
measures efficiency components using weights based on values in a base year. The 
Paasche index employs weights based on current values in efficiency measurement, 
while the Marshall–Edgeworth index uses the average of values from a base year and the 
current year as a weight to measure efficiency. The Divisia index is based on the concept 
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sum of logarithmic growth rates in terms of component shares. A logarithmic change is a 
type of symmetrical and additive indicator representing a relative change, whereas an 
ordinary percentage change is asymmetrical and non-additive (Törnqvist et al., 1985). 
The main indices linked to the Divisia index include the Log-Mean Divisia index 
(LMDI), arithmetic mean Divisia index, Törnqvist index, Sato–Vartia index and Vartia I 
index. The methods of using the LMDI and arithmetic mean Divisia index utilise an 
arithmetic mean weight function in the measurement process. However, the arithmetic 
mean Divisia index fails factor-reversal tests (Ang, 2004). The Törnqvist index, Sato–
Vartia index and Vartia I index are all derived from the original Divisia index. 
Comparisons among all index numbers approaches linked to the Divisia index and the 
Laspeyres index is found in Liu & Ang (2003) and Ang (2004).  
 
In the construction sector, the index numbers approach has been significantly utilised in 
performance measurement around the world. Chau (1993) estimated TFP trends from 
building cost and price data in the Hong Kong building industry using the Törnqvist 
discrete formula. The Canadian System of National Accounts utilised the Törnqvist 
chain index to investigate productivity programs before 1997 and then utilised a chain-
type Fisher index in efficiency and productivity measurement (Harchaoui et al., 2004). 
Tan (2000) applied the Törnqvist index method to measure the TFP of the Singaporean 
construction industry. Because the LMDI has the abilities to exclude decomposition 
residuals and to handle the value of zero in the data set (Ang & Choi, 1997), the research 
selects the LMDI as an index to measure CP changes in Chapter 4. 
 
In summary, the techniques of modelling measurement can more systematically 
investigate efficiency performance compared to the technique of direct measurement. 
More importantly, non-parametric estimations need not assume a specific production 
function, which avoids the important disadvantage that measurement results are sensitive 
to the function form defined by the researcher in parametric and semi-parametric 
estimations. Both parametric and non-parametric estimations include frontier and non-
frontier approaches. Non-frontier approaches assume that all DMUs are efficient, 
whereas frontier approaches can identify production inefficiency through building a 
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production frontier that envelops all sample DMUs. Both approaches have their typical 
methods. The method of DEA, which is a type of non-parametric frontier method, is 
applied as the core method of measuring production performance in this research. 
 
2.2.4 Why choose Data Envelopment Analysis (DEA)? 
DEA, which is a non-parametric frontier method, was first introduced on the basis of the 
economic theory of Pareto optimality by Charnes et al. (1978). DEA is data based and is 
generally employed to evaluate production performance using linear programming 
techniques (Färe et al., 2011). DEA, which is utilised to investigate the efficiency of a 
DMU, can be applied in various entities: productive and non-productive, public and 
private, profit and non-profit organisations (Sun, 2011). DEA has been successfully 
applied in performance measurement for different activities and objects in various 
contexts by a number of organisations and researchers, such as bank branch efficiency 
and performance research (Paradi & Zhu, 2013), environmental efficiency evaluation 
(Song et al., 2012), energy and environmental study (Zhou et al., 2008) and social 
sciences (Avkiran & Parker, 2010). Liu et al. (2013a) indicated that approximately 4500 
DEA papers had published in the ISI Web of Science database from 1978 to 2009. 
Furthermore, since the Malmquist productivity index was theoretically proved by Caves 
et al. (1982), DEA has also been applied in diverse contexts to estimate productivity 
performance.  
 
The main reasons for the popular application of DEA can be summarised from previous 
studies (e.g. Steering Committee for the Review of Commonwealth/State Service 
Provision, 1997; Singh et al., 2000; El-Mashaleh et al., 2007; El-Mashaleh et al., 2010), 
as follows: 
 
x Firstly, the DEA approach is flexible and can solve complicated problems with 
multiple inputs as well as multiple outputs by using linear programming, even 
existing undesirable inputs and outputs.  
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x Secondly, DEA avoids the assumption of measurement functional forms and 
prior conditions to measure relative efficiencies of DMUs, such as the weights 
and prices of inputs and outputs.  
x Thirdly, DEA does not require the same measurement units for all variables and 
so is very useful for data selection.  
x Fourthly, DEA employs separate optimisation constraints for each input and 
output variable, which helps decision-makers to investigate overutilised inputs 
and insufficient outputs.  
x Fifthly, the various scaling adjustments made for graphical purposes do not 
affect the relationships among all input and output variables in the DEA 
technique.  
x Finally, as a deterministic method, DEA compares every individual production 
technology so as to identify the best-practice technologies and inefficient DMUs. 
Therefore, it provides a potentially useful tool for decision-makers to make and 
implement plans/programs for improving their production. 
 
Because of the above advantages, DEA has been selected to measure performance for 
the construction industry in this research. However, DEA produces results for relative 
efficiency and which are sensitive to the observed data (Steering Committee for the 
Review of Commonwealth/State Service Provision, 1997). DEA calculation needs a 
fairly large quantity of data so that the correctness of the calculated results can be 
ensured. As a result, in this research the data are all from national statistical 
organisations and have been statistically tested throughout in order to ensure the 
correctness of the calculated results, which is discussed in Section 2.5. Moreover, many 
types of benchmark technologies have been selected in building the production set so as 
to deliver a sufficient sample DMUs, which is discussed in Section 2.2.3. 
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2.3 The general concept and construction applications of DEA 
2.3.1 Production efficiency 
DEA is utilised to investigate the relative efficiency of a DMU by projecting production 
variables in geometric figures. Relative efficiency can be generally defined as a 
technical comparison of optimal inputs to observed inputs for given outputs or a 
comparison of observed outputs to optimal outputs for given inputs (Hampf, 2013), in 
which the first comparison is called input efficiency and the second comparison is called 
output efficiency.  
 
Efficiency measurement in DEA uses the principle of distance functions. Distance 
functions can represent multi-input and multi-output production technology without 
considering dimensional transformations and specific production objectives. Distance 
functions in practice mainly include the input-oriented distance function, output-oriented 
distance function, hyperbolic distance function and directional distance function. First, 
the input-oriented distance function measures input efficiency on the basis of the 
maximum feasible shrinkage of the input factors, given an output vector. For example, 
Xue et al. (2008) employ the input-oriented distance function to calculate the TFP of the 
Chinese construction industry. Moreover, a type of input-oriented model with no input 
variables was applied in the performance measurement, which is for the convenience of 
integrating a series of output indicators and/or ignoring input variables (Deng & Smyth, 
2013b). Second, an output-oriented distance function calculates production efficiency in 
the light of the maximum proportional expansion of the output factors, given an input 
vector. For instance, Li & Liu (2010) use the output-oriented distance function to 
measure TFP changes in the Australian construction industry. Third, the hyperbolic 
distance function considers the shrinkage of inputs and the expansion of outputs 
simultaneously. Fourth, the directional distance function approach is popularly utilised 
in DEA to measure production efficiency with undesirable outputs.  
 
As a frontier method, the DEA technique can identify the best-practice frontier by 
enveloping all the sample data and then the relative efficiency is obtained by comparing 
the production frontier and the observed DMU. A diagrammed illustration with 
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geometric representations of the relative efficiency measurement is given in Figure 2-3, 
where a simple single-input and single-output production frontier is presented. The 
horizontal and vertical axes represent an input x and an output y, respectively. DMU A 
is considered an observed DMU. OBC is the frontier of the production set. DMUs B and 
C are located on the frontier. In the output-oriented distance function, DMU A could 
move to DMU C when DMU A has the benchmark technology of DMU C. Here, the 
output of A increases by ( ) under the given input . The output efficiency of A 
is . On the other hand, in the input-oriented distance function, DMU A could move 
to DMU B when DMU A has the benchmark technology of DMU B. Here, the input of 
A reduces by ( ) under the given output . Therefore, the input efficiency of A is 
.  
                                 
Figure 2-3 A diagrammed illustration of efficiency measurement 
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minimum level of inputs under the given output goals, and who also wish to reduce the 
level of undesirable outputs without decreasing desirable outputs. Other reasonable 
assumptions should also be considered in order to define the multi-input and multi-
output production technology set F (Banker et al., 1984; Chambers et al., 1998; Hailu & 
Veeman, 2001; Oh, 2010a). F is assumed to satisfy the following properties: 
 
x Firstly, F is closed, bounded and feasible with no activity. 
x Secondly, F is convex. If ( , ) , μ  and , then 
(  ) . 
x Thirdly, if  and  then . This axiom imposes desirable and 
undesirable outputs at the null point, which represents the point at which 
desirable outputs have been produced and undesirable outputs must follow.  
x Fourthly, desirable outputs have strong or free disposability, i.e. if  Y and (X; 
Y, )  then ( , ) . This axiom states that if desirable outputs are 
reduced (or not increased), then neither inputs nor undesirable outputs will be 
increased. 
x Fifthly, inputs can also be strongly disposable, i.e. if  X then F )  
F(X; Y, ). This property means that if inputs are increased (or not reduced), 
then neither desirable outputs nor undesirable outputs will be decreased. 
 
Here, the properties of undesirable outputs are highlighted, because -e is an 
important variable in this research. Wu et al. (2014) reviewed the literature that studied 
undesirable outputs through DEA and pointed out that this type of research has become 
a hot topic. These studies are classified into two categories: direct approaches, which 
consider undesirable outputs with a weakly disposable property in place of an 
assumption of strong disposability; and indirect approaches, including two types, one 
that treats undesirable outputs as inputs for processing and another that adopts 
monotonic decreasing transformation approaches (Wu et al., 2014). The assumption of 
undesirable outputs with a weakly disposable property has been given extensive 
recognition and widely applied in research, i.e. if , )  and  then 
27 
 
, )  ) (Färe et al., 1989). This implies that the reduction of undesirable 
outputs needs other expenses or negatively influences production efficiency or reduces 
desirable outputs. Under this assumption, undesirable outputs are treated with strict 
equality constraints when DEA is applied to investigate efficiency using modelling 
production technology. However, utilising ‘strict equality constraints’ for undesirable 
outputs shrinks the bounded set. Färe et al. (1989) claimed that undesirable outputs can 
be freely disposable, which expands the set of production possibilities. Hailu & Veeman 
(2001) represent detailed reasons indicating the weaknesses of the assumption of the 
“weak disposability of undesirable outputs” and suggested that undesirable outputs can 
essentially be treated as inputs in order to measure efficiency and productivity 
adequately.  
 
Through summarising and evaluating those pieces of literature, this study believes that 
different disposable pathways for undesirable outputs should apply in corresponding 
research objectives. In the output-oriented distance function, the weak disposability of 
undesirable outputs should be applied in modelling production efficiency measurement, 
because the primary aim of measurement is to pursue the maximisation of desirable 
outputs, as in Chapter 4. However, when pursuing the minimisation or reduction of 
undesirable outputs, the strong disposability of undesirable outputs should be applied, as 
it is feasible to reduce undesirable outputs by shrinking inputs without any decrease in 
desirable outputs. This study mainly explores and discriminates between the reduction 
percentages of undesirable outputs with different objectives. As a consequence, the 
assumption of the strong disposability of undesirable outputs is essentially applied in 
this research.  
 
An assumption about returns to scale is another important factor in using the DEA 
method. The types of returns to scale mainly consist of CRS, variable returns to scale 
(VRS), increasing returns to scale, non-increasing returns to scale, decreasing returns to 
scale and non-decreasing returns to scale (Kerstens & Eeckaut, 1999; Matin & 
Kuosmanen, 2009). Among these scale assumptions, the assumptions of CRS and VRS 
have gained popularity across many study fields. CRS is a necessary condition for 
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measuring true productivity indices in constructing DEA models (Chung et al., 1997). 
Moreover, in order to measure efficiency with the independence of scale economics 
(Färe et al., 1986) and to indicate a change in inputs resulting in a disproportionate 
change in outputs (Ebrahimi & Salehi, 2014), VRS must be employed in DEA models. 
Accordingly, the assumptions of CRS and VRS are respectively utilised in constructing 
the DEA models for the different research objectives. 
 
2.3.3 Benchmark technologies in DEA 
Building a reasonable production technology set is fundamental in applying the DEA 
technique. Many benchmark technologies to build the set have been proposed, such as 
contemporaneous benchmark technology (Tulkens & Vanden Eeckaut, 1995; Pastor & 
Lovell, 2005), intertemporal benchmark technology (Tulkens & Vanden Eeckaut, 1995; 
Oh & Lee, 2010), sequential benchmark technology (Tulkens & Vanden Eeckaut, 1995; 
Shestalova, 2003), window benchmark technology (Charnes & Cooper, 1984; Asmild et 
al., 2004) and global benchmark technology (Pastor & Lovell, 2005; Oh, 2010b). Partial 
comparisons among them can be found in previous studies (Tulkens & Vanden Eeckaut, 
1995; Shestalova, 2003; Asmild et al., 2004). A conceptual sketch of the above five 
benchmark technologies is presented in Figure 2-4 (source: Hu & Liu, 2015b).  
 
 
 
 
 
 
 
 
 
 
 
 
 
    
  
Figure 2-4 A conceptual sketch of the DEA benchmark technologies  
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x Contemporaneous benchmark technology structures the production technology 
set at the same period for all the DMUs and is defined as = {( ; , ) U… 
U ( , ) U… U ( , )}, t=1, 2, …, T.  
x Intertemporal benchmark technology constitutes the production technology set of 
a DMU throughout all activity periods and is defined as = {( ; , ) U… U 
( ; , ) U… U ( ; , )}, j=1, 2, …, J.  
x Suppose there is an observed DMU in period ; the sequential benchmark 
technology set can be structured as = { U… U }, where = {( ; , ) 
U… U ( , ) U… U ( , )}, =1, 2, … T. Therefore, it can be 
seen that sequential benchmark technology seeks benchmark(s) and envelops the 
production technology set from all the previous and current DMUs. 
x Global benchmark technology constructs the production technology set using the 
entire period across all the DMUs and is defined as = { U U … U } or 
= { U U … U }, where a uniform research set and a unified production 
frontier are established. 
x Window benchmark technology establishes the production technology set for all 
DMUs during some time periods, e.g. from period  to period , and is defined 
as = { U… U }; =1, 2, … T; . When , window 
benchmark technology will become contemporaneous benchmark technology. 
When  and , window benchmark technology will become global 
benchmark technology. 
 
The advantages and disadvantages of these benchmark technologies are shown in Table 
2-3. To summarise all the advantages and disadvantages, three significant criteria can be 
concluded so as to correctly select the benchmark technology in DEA. Firstly, building 
DEA models using the selected benchmark technology must satisfy the research 
objectives. For instance, the DEA results in contemporaneous benchmark technology 
can be compared within different DMUs in the same period, but cannot be directly 
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compared within different periods. The DEA results in intertemporal benchmark 
technology are the opposite. Moreover, the DEA results in global benchmark technology 
can be compared among all DMUs in different periods. Secondly, when aiming to 
identify technology benchmark(s) from the sample data, the selected technology 
benchmark(s) must be able to be transformed in practice. This is because it is impossible 
for current production decision-makers to organise production by utilising future 
benchmark technologies. Third, the sample data utilised to construct the production 
technology set must follow the DEA rules. A significant rule in using DEA is that the 
number of sample DMUs should be more than double the sum of the numbers of inputs 
and outputs (Sun, 2011). Consequently, the contemporaneous and intertemporal 
benchmark technologies may suffer a problem with a shortage of sample data in some 
situations.  
Table 2-3 Advantages and disadvantages of the benchmark technologies 
 Key advantages Key disadvantages 
Contemporaneous 
benchmark 
technology 
The calculated results among different 
DMUs can be compared in one period; 
the identified benchmark(s) can be feasibly 
transformed in practice; 
the model and calculation are relatively 
simple. 
The results among different 
stages are not directly 
compared; 
it cannot be utilised with a 
small sample of DMUs. 
Intertemporal 
benchmark 
technology 
The calculated results in different periods 
can be compared for a single DMU; 
the model and calculation are relatively 
simple. 
The results among different 
DMUs are not directly 
compared; 
it cannot be utilised in a 
short-term time period. 
Sequential 
benchmark 
technology 
The identified benchmark(s) can be 
transformed in practice; 
the calculated results among different 
DMUs can be compared in one period; 
it may solve a problem of the shortage of 
sample data. 
The calculation is fairly 
complex; 
the results among different 
time periods are not 
directly compared. 
Global 
benchmark 
technology 
The calculated results among different 
DMUs and stages can be directly 
compared; 
the calculation is relatively simple; 
it solves a problem of the shortage of 
sample data. 
The future DMUs generally 
determine the production 
frontier; 
the identified benchmark(s) 
are hardly transformed in 
practice. 
Window 
benchmark 
technology 
The calculated results in different DMUs 
and different periods can be compared in 
one window; 
it can solve a problem of the shortage of 
sample data. 
The calculation is fairly 
complex; 
the results among different 
windows cannot be directly 
compared. 
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These benchmark technologies are competent in measuring changes in production 
efficiency and productivity. In particular, contemporaneous benchmark technology is 
popularly utilised in the DEA technique. In this research, different benchmark 
technologies are applied in different studies so as to achieve the corresponding research 
objectives of performance measurement. More importantly, some benchmark 
technologies are firstly related to other research techniques, which can promote the 
development of DEA. 
 
2.3.4 DEA applications in construction 
DEA, which is mainly employed in measuring relative efficiency, can be applied in 
various entities: productive and non-productive, public and private, profit and non-profit 
organisations (Sun, 2011). In the construction domain, the DEA approach has been 
successfully utilised to investigate the efficiencies, benchmarks and/or performance of 
different activities and objects in various contexts. Early researchers employed the DEA 
approach in measuring the technical efficiency of an organisation (Ruddock, 1994) and 
attempting to measure the performance of engineering (Busby, 1995). Since these 
applications, the DEA approach has gradually become the principal technique for 
measuring efficiency related to situations of multiple inputs and multiple outputs in 
construction.  
 
A basic function of DEA is to measure the relative efficiency of DMUs. DEA can 
establish efficiency scores for projects, contractors, industries and countries. More 
importantly, various efficiency indicators can be further presented using the DEA 
technique. Previous studies ordinarily decomposed technical efficiency into pure 
technical efficiency and scale efficiency through the CCR and BCC models (Tsolas, 
2013). The CCR model, named after the initials of the three authors of Charnes et al. 
(1978), calculates the distance functions under CRS. The BCC model, abbreviated from 
the proposers’ names in Banker et al. (1984), computes the distance functions under 
VRS. Kapelko et al. (2014) divided dynamic cost inefficiency into technical, scale and 
allocative inefficiencies. You & Zi (2007) gauge and analyse the different efficiency 
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types, including cost efficiency, allocative efficiency and technical efficiency. Therefore, 
DEA can present different efficiency results so as to study quantitatively various types 
of construction issues. 
 
Based on the efficiency score, another significant function of DEA is to identify 
technology benchmarks from sample DMUs. DEA is one of the best methods in terms of 
objectivity, effectiveness and consistency for finding benchmarking techniques that can 
be achieved for other DMUs (Lin & Huang, 2009). The identified technology 
benchmarks are located on the frontier of the production technology set in DEA. In other 
words, the efficiency score of this DMU is equal to 1. According to various research 
objectives, the recognition of benchmarks and the learning of techniques from 
benchmarks would be conducive to enhancing construction performance and reducing 
undesirable outputs. Benchmarking of construction productivity is a basis for continuous 
productivity improvement (Park et al., 2005). El-Mashaleh et al. (2010) benchmarked 
safety performance for construction contractors using DEA scores. Lin & Huang (2009) 
employed DEA to evaluate performance benchmarks in baseline productivity analyses. 
 
Yang et al. (2010) reviewed the techniques that are most frequently utilised for 
performance measurement in construction, where the main techniques include gap 
analysis, integrated performance index, statistical methods and DEA. DEA is one of the 
most suitable methods of discovering performance measurement benefits to achieve 
performance targets (Thanassoulis, 2001). The successful application of DEA to 
performance measurement has been described in many construction studies (Horta et al., 
2010). The DEA method has been significantly utilised to quantity the performance of 
construction firms according to DEA efficiency results (Deng & Smyth, 2013b), to 
measure and benchmark overall performance for construction firms (El-Mashaleh et al., 
2007), to benchmark safety performance for construction contractors (El-Mashaleh et 
al., 2010), to assess the performance of construction companies by integrating several 
key performance indicators (Horta et al., 2010) and to measure overall performance for 
the construction industry (Horta et al., 2012). This is mainly because the DEA technique 
provides significant managerial information concerning rankings and targets in 
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performance evaluation (Horta et al., 2010) and DEA results have higher correlations 
with traditional performance indicators than common econometric models (Cummins & 
Zi, 1998). Moreover, DEA can estimate performance both quantitatively and 
qualitatively (Yang et al., 2010), enabling decision-makers to take rational directions to 
improve performance. 
 
Furthermore, on the basis of DEA, some extended measurements can be applied in order 
to achieve other research objectives. Castro-Lacouture et al. (2007) proposed a tool for 
optimising purchasing decisions in business-to-business construction marketplaces on 
the basis of DEA theory. Wakchaure & Jha (2011) employed DEA to perform 
maintenance planning of bridges by calculating efficiency scores, benchmarking and 
determining target costs. Moreover, a significant extension is to measure productivity 
changes. Li & Liu (2010; 2011; 2012) respectively measured TFP changes, capital 
productivity changes and labour productivity changes in construction productivity using 
DEA and other techniques. Hu & Liu (2015a) applied DEA in measuring changes in 
energy productivity and TFP in the Australian construction industry. Some scholars also 
employ the DEA technique as a supplementary method. Chiang et al. (2006) utilised 
DEA to input–output analyses in order to examine the repercussions on consumption 
and inputs placed into the construction sector. Cariaga et al. (2007) utilised DEA in 
value analyses to evaluate design alternatives. 
 
2.4 Limitations of previous studies 
As a response to increasing GHG emissions, academics and practitioners have been 
involved in many discussions and applications to create an eco-friendly construction 
industry. The first research cluster focuses on green building, including two main routes: 
studying sustainable technology integration, economic benefits, and environmental 
impacts and benefits in green building; and investigating the performance of green 
building measures in terms of life-cycle costs, expected savings and payback periods 
(Abdallah et al., 2013). The second research cluster concerns sustainable construction, 
such as carbon reduction for construction processes (Wong et al., 2013), environmental 
management for contractors (Teriö & Kähkönen, 2011) or for industry (Tam et al., 
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2006) and sustainable construction implementations for projects (Shi et al., 2012). A 
significant piece of research on sustainable construction is Yates (2014), which provides 
several implementable resources for the evaluation of industrial construction projects 
through reviewing the global literature related to sustainable industrial construction and 
surveying sustainable practices in the construction industry. However, quantitatively 
investigation of industry performance related to GHG emissions is seldom identified in 
construction. 
 
Performance measurements in construction relate to various aspects. However, when 
comparing with various aspects of partial performance, few insights into studying 
overall performance can be found (El-Mashaleh et al., 2007; Lin & Shen, 2007). 
According to the review of Deng & Smyth (2013a), about 25% of empirical studies 
apply the indicator of overall performance as a subjective indicator to measure firm 
performance. The remaining 75% of empirical studies are interested in partial 
performance measurements such as profitability, external satisfaction, revenues/sales, 
schedule, cost or quality performance (Deng & Smyth, 2013a). Most importantly, 
performance studies focusing on the industry level are fewer in number than those at the 
project and organisational levels in construction (Yang et al., 2010). In this research, the 
research object is the construction industry. The primary research method is DEA, which 
measures performance indicators in a total factor framework. Overall performance 
indicators, including TFP and eco-efficiency, and partial performance indicators, 
including carbon emission performance, CP and profitability performance, are all 
measured in this research. 
 
Although DEA has been popularly employed in studying various aspects in construction, 
the DEA method can be much further developed not only in constructing models but 
also in accurate applications. Choosing a distance function is a precondition for applying 
DEA. The popularly utilised distance functions for applying DEA in construction are 
input-oriented functions (e.g. El-Mashaleh et al., 2007; Wang et al., 2013) and output-
oriented functions (e.g. Horta et al., 2013; Abbasian-Hosseini et al., 2014). However, 
hyperbolic distance functions and directional distance functions cannot be identified in 
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the construction domain. The hyperbolic distance function and directional distance 
function are respectively applied in Chapter 7 and Chapter 4 in this research.  
 
Moreover, building a reasonable production technology set is a fundamental procedure 
for utilising the DEA technique. In the construction domain, most previous studies 
employ contemporaneous benchmark technology to build a production technology set. 
As a result, the calculated figures in different years cannot be directly compared with 
each other in the contemporaneous technology set. This study separately employs 
sequential, intertemporal, window and global benchmark technologies to measure 
different performance indicators, so as to investigate different production performance. 
 
Since DEA was proposed by Charnes et al. (1978), DEA studies have been in rapid and 
continuous development, with a significant contribution of DEA applications in 
efficiency and productivity in both public and private sector activities (Emrouznejad et 
al., 2008). There are many literature reviews and surveys focusing on the theoretical 
development of DEA. Emrouznejad et al. (2008) surveyed and analysed the first thirty 
years of scholarly research in efficiency and productivity using DEA. Cook & Seiford 
(2009) also provided a sketch of some of the major research thrusts that concentrated on 
the methodological development of DEA over the thirty years since the work of Charnes 
et al. (1978). Liu et al. (2013a) surveyed the DEA literature using a citation-based 
approach in order to investigate the core research that had played a central role in DEA 
development, and additionally identified the latest study areas about DEA. Liu et al. 
(2016) review the DEA literature from 2000 to 2014, aiming to identify research 
activities and fronts with regard to DEA. Some literature reviews related to an aspect or 
a subclass of DEA. For example, the research on two-stage network structures in DEA 
was reviewed by Cook et al. (2010); studies of network DEA were reviewed by Kao 
(2014); and the DEA literature related to the directional distance function was 
overviewed by Zhang & Choi (2014). Summarising these reviews, a significant 
conclusion is that studying ‘undesirable factors’ is a hot topic in recent DEA research. 
DEA studies and applications in environmental efficiency evaluation are urgently 
needed (Song et al., 2012).  
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This research innovatively develops the application of DEA to measure different 
performance indicators with carbon reduction. The main innovations in this research 
consist of building new DEA measurement models, achieving new research targets by 
utilising current DEA techniques, and integrating new benchmark technologies and/or 
applying new decomposition analyses methods, which could therefore promote DEA 
developments through diverse pathways. For instance, the DEA techniques related to 
“undesirable factors”, “two-stage analyses” and “slack-based measures”, which are 
research fronts in DEA (Liu et al., 2016), are all studied and developed in this research. 
The innovations are explicitly discussed in each chapter. 
 
2.5 The Australian construction industry 
The construction industries of the Australian states and territories have been selected in 
order to measure their performance by applying the developed methodology. Australia’s 
per capita carbon emissions are the highest in the world (Wise & James, 2013). Australia 
is the worst polluter of all developed countries, even though its energy intensity, defined 
as energy consumption per unit of GDP, has steadily declined from 1973 to 2010 
(Asafu-Adjaye & Mahadevan, 2013). The Australian construction industry, as the fifth 
largest industry in Australia, is a significant component of the national economic 
landscape. It is a tremendous engine for economic and social benefits and plays a 
significant role in the country’s economic development, such as through promoting 
heavy investment and creating large numbers of job opportunities (Li & Liu, 2010).  
 
Figure 2-5 shows the percentage of the Australian construction industry in the total of all 
industries, in terms of a desirable output indicator of industry gross value added and an 
undesirable output indicator of -e emissions. The proportions of industry gross value 
added are greater than the proportions of -e emissions in these years. Compared to 
the percentages of -e emissions and industry gross value added in 1990, both 
illustrated a slight and stable increase from 2008 to 2013. Therefore, although the 
construction industry plays an important role in Australian economic development, the 
37 
 
constant growth of -e emissions is a challenge for sustainable development in the 
Australian construction industry, especially under the huge pressure of climate change. 
 
Figure 2-5 Percentages of the Australian construction industry in the total of all 
industries 
 
The DMUs in this research are the construction industries from each state and territory, 
namely, New South Wales (NSW), Victoria (Vic.), Queensland (Qld), Western Australia 
(WA), South Australia (SA), Tasmania (Tas.), the Northern Territory (NT) and the 
Australian Capital Territory (ACT). Owing to data availability, the research period was 
designated as 1990 to 2013. All data utilised in this research are financial year data and 
were collected in June 2015.  
 
Identifying input and output variables is a vital foundation for applying DEA. Li & Liu 
(2010; 2011; 2012) use a labour input variable of employed persons, a capital input of 
construction work done and an output variable of industry gross value added in the DEA 
method to separately measure TFP, capital productivity and labour productivity for the 
Australian construction industry. This study follows and develops these variables, 
aiming to evaluate performance with undesirable output reduction. The calculating 
variables comprise four factors in this research: employed persons and construction 
work done as two inputs, a desirable output named industry gross value added and an 
undesirable output called -e. When describing measurement of profitability 
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performance in Chapter 7, the variable of gross operating surplus and gross mixed 
income is utilised as a final output, which is discussed in Chapter 7 in detail. 
 
The data for employed persons, construction work done, industry gross value added, and 
gross operating surplus and mixed income have been collected from the ABS. The data 
for -e have been directly gathered from Australian Government Department of the 
Environment. The summary statistics for all variables over the period 1990–2013 are 
given in Table 2-4. From Table 2-4, significant regional imbalances and differences 
among the construction industries of the Australian states and territories are observed in 
terms of all the variables, which show that there are dramatic construction scale 
diversities in Australia. Severe imbalances and differences can hinder effective resource 
distribution and damage performance improvement in the construction industry (Wang 
et al., 2013). Therefore performance variations among the Australian construction 
industries are also measured in this research.  
 
Table 2-4 Descriptive statistics of the Australian construction industry: 1990–2013 
Variable Unit Mean Std. dev. Median Maximum Minimum 
Construction 
work done 
$ 
Millions 10961.50 12879.03 5435.94 55901.89 383.33 
Employed 
persons '000 92.87 87.53 63.17 296.54 5.00 
Industry gross 
value added 
$ 
Millions 6982.91 7404.75 4146.00 32484.00 386.00 
-e emissions Gg 990.07 820.76 731.41 2485.13 65.16 
Gross operating 
surplus and gross 
mixed income 
$ 
Millions 3229.20 3472.78 2013.50 16530.00 113.00 
 
In Table 2-4, the factor of construction work done is the sum of all building and 
engineering work done, comprising the costs of materials, labour and architects, plus 
work done by subcontractors and firms’ own workforces. Therefore, the factor of 
construction work done including building cost and engineering input is considered as 
the capital input (Chancellor, 2015). The values of construction work done are 
calculated by summarising the quarterly data. The factor of employed persons includes 
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full-time, part-time and self-employed workers. The numbers of employed persons are 
computed by averaging quarterly numbers. Industry gross value added is utilised to 
represent the gross goods and services produced by the construction industry and is 
equivalent to “the value of output at basic prices minus the value of intermediate 
consumption at purchasers’ prices” (ABS, 2012). In Australia, the gross value added of 
the market producers is equal to the sum of sales and service income, funding from 
government, capital work done for own use and closing inventories, less the sum of 
opening inventories, purchases of goods and materials, and other intermediate input 
expenses (ABS, 2014). Therefore, the gross value added, indicating the newly created 
value of the construction industry and the total revenue of by the construction industry, 
is a better choice as the output indicator compared with the total output value, which 
includes the inputs from other industries. The data of -e emissions consist of carbon 
dioxide, methane, nitrous oxide and others. The gross operating surplus and gross mixed 
income, which are directly drawn from the database of the Australian National 
Accounts, are the differences between total factor income and total compensation of 
employees. For the convenience of future research, the detailed data of these variables 
are separately provided in Appendices 2-1, 2-2, 2-3, 2-4 and 2-5.  
 
In order to ensure the validity of the selected input and output variables, the functions in 
relation to the variables must comply with the isotonicity property in the DEA method 
(Bowlin, 1998; Tsolas, 2013; Lu et al., 2014). The isotonicity assumption requires that 
an increase in any input must result in some increase in any output. This property is 
generally proven using correlation analyses among all selected input and output 
variables. If the correlation coefficients are positive and significant, the isotonicity 
property exists among the selected inputs and outputs (Bowlin, 1998). Accordingly, this 
study employs Pearson’s correlation test to check the isotonicity among the selected 
input and output variables in the Australian construction industry. The Pearson’s 
correlation coefficients are summarised in Table 2-5. It can be seen that the values of all 
the coefficients are 0.7417 upwards and this denotes statistical significance at the 0.01 
level. As a result, there are significantly positive relationships between the input and 
output variables. In other words, an increase in any input will lead to some increase in 
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any output. The assumption for DEA of the property of isotonicity is tested and the 
selected input and output variables are justified in this research. 
 
All mathematical operations are implemented in Microsoft Excel worksheets. All DEA 
calculation models in this research, except in Chapter 6, are individually solved using 
MS-Excel Solver, an add-in in the Excel program. 
 
Table 2-5 Pearson’s correlation coefficients among the selected input and output 
variables 
 
Construction 
work done 
Employed 
persons 
Industry 
gross value 
added 
-e 
emissions 
Gross operating 
surplus and 
gross mixed 
income 
Construction 
work done 1.0000     
Employed 
persons 0.8387* 1.0000    
Industry 
gross value 
added 
0.9911* 0.8706* 1.0000   
-e 
emissions 0.7417* 0.9583* 0.7796* 1.0000  
Gross 
operating 
surplus and 
gross mixed 
income 
0.9822* 0.8273* 0.9876* 0.7492* 1.0000 
Note: * denotes significance of the coefficients at the 0.01 level. 
 
2.6 Concluding remarks 
This chapter has provided the research foundations for the following chapters. As the 
study evaluates performance on the basis of efficiency scores, the techniques related to 
production efficiency measurement have been reviewed. Compared to the technique of 
direct measurement, modelling measurement techniques can provide more correct and 
comprehensive results and have been widely utilised in current efficiency measurement. 
The modelling measurement techniques include non-parametric, parametric and semi-
parametric estimations. Moreover, both the non-parametric and parametric estimations 
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consist of frontier and non-frontier approaches. DEA as a non-parametric and frontier 
method is selected as the primary performance measurement method in this research, 
mainly due to the facts that non-parametric estimations need not assume a specific 
production function and frontier approaches can identify production inefficiency. 
Although DEA offers the results of relative efficiency based on distance functions and a 
series of underlying assumptions, DEA promises many advantages that make it superior 
to other methods in multi-input and multi-output production, especially dealing with 
evaluation issues about undesirable outputs. It has been confirmed that DEA has been 
successfully and widely applied in numerous studies to achieve various research aims.  
 
In the construction domain, DEA has been utilised in measuring efficiency, 
benchmarking and evaluating performance. Performance measurement in construction 
generally concentrates on performance at project, organisational and/or industry levels 
using overall performance and/or partial performance indicators. However, performance 
measurement in relation to the industry level and overall performance is seldom 
identified in the construction domain. Quantitative performance measurement associated 
with environmental issues is also rarely seen in construction. Moreover, the applications 
of DEA should be accurately and much further developed in current construction 
research. Finally, explanations about choosing the case of the Australian construction 
industry and the input and output variables in DEA models are provided. Significant 
regional imbalances and scale diversities are also observed through data description in 
the case. 
 
On the whole, the research comprehensively measures construction industry 
performance with carbon reduction using innovative methods. The innovations not only 
embody proper treatment of the variable of -e, integration of new benchmark 
technologies and application of new decomposition analysis methods, but also 
establishment of new DEA models for advanced applications. This research primarily 
provides valuable and ecological information for enhancing construction industry 
performance and promotes the developments and applications of DEA. Accordingly, 
based on all the elements of the research foundation presented in this chapter, the 
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following chapters implement performance measurements for different research 
objectives using different research methods. 
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Chapter 3   Total factor carbon emission performance in the 
Australian construction industry 
 
This chapter is related to two journal papers: 
Hu, X., & Liu, C. (2015). Energy productivity and total-factor productivity in the 
Australian construction industry. Architectural Science Review, doi: 
10.1080/00038628.2015.1038692.1-13.  
Hu, X., & Liu, C. (2015). Total factor carbon emission performance in the Australian 
construction industry. Journal of Cleaner Production (Under review). 
 
3.1 Introduction 
Decreasing carbon emissions is a vital pathway to solving the problem of climate change 
that is a severe threat to human development. Many previous studies have indicated that 
the construction sector must play an important part in properly controlling and reducing 
carbon emissions through construction activities (Wong & Zapantis, 2013; Zhang & Liu, 
2013). In the Australian construction industry, -e emissions have increased gradually 
from 1990 to 2013, as shown in Figure 3-1 (source: Australian Government Department 
of the Environment, 2015). This increasing trend has become a serious challenge for 
environmental protection in Australia. It is even more challenging since the Australian 
government has planned to achieve -e reduction targets (i.e., reducing national -
e emissions to a maximum of 25% below the level of the year 2000 by the year 2020). 
Consequently, the growth of -e emissions is a serious issue in the Australian 
construction industry.  
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Figure 3-1 -e emissions in the Australian construction industry  
 
An important foundation of reducing carbon emissions is to understand the patterns of 
carbon emissions and to monitor the performance of carbon emissions (Zhang et al., 
2015a). In order to evaluate carbon emission performance trends, various indicators have 
been developed and applied in previous studies (Zhou et al., 2010). Busch (2010) 
reviewed carbon performance indicators at the corporate level and believes that carbon 
performance indicators can provide company-specific information to develop 
performance on the micro level. Riccardi et al. (2012) studied the efficiency of carbon 
emissions and pointed out that the efficiency can be improved by investing new 
technologies and using alternative fuels and raw materials. Busch et al. (2011) 
developed a generic framework for the assessment of corporate carbon performance with 
the purpose of discussing carbon reduction strategies and policies. In order to build 
supply chains that are more eco-friendly, Jaegler & Burlat (2010) and Hsu et al. (2014) 
employed the indicator of carbon performance to evaluate suppliers. Ozawa-Meida et al. 
(2013) measure carbon performance through a consumption-based carbon footprint 
using a case study of a UK University. Zhang et al. (2015a) measured the total-factor 
carbon emission performance for the Chinese transportation industry and define the 
total-factor carbon emission performance as the ratio between the potential target for 
carbon intensity and actual carbon intensity, and concluded that the whole performance 
decreased 32.8% over the research period because of technological decline.  
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However, through reviewing those studies, two issues can be further developed. Firstly, 
many indicators for representing carbon emissions measure performance from a partial 
framework and merely reflect the partial performance of carbon emissions (Zhou et al., 
2010). Secondly, numerous previous studies evaluate carbon performance from 
measurement of carbon emissions and desirable outputs simultaneously, such as a 
popularly utilised indicator of carbon intensity that is defined as carbon emissions per 
unit of GDP. This type of evaluation reflects production performance from two 
dimensions of carbon reduction and economic growth, and therefore cannot focus on 
evaluating the real performance of carbon emissions. The performance measurement of 
carbon emissions should only aim to investigate the real situation of carbon emissions. 
Recently, a few studies have realised the importance of concentrating on carbon 
emission evaluation and begun to measure carbon performance from a total factor 
viewpoint. Zhou et al. (2010) calculated the total factor carbon emission performance of 
the top 20 emitters worldwide through focusing on the efficiency of carbon emissions, 
and subsequently show that the global performance has been driven by technological 
progress and improved by an average value of 24%.  
 
In the construction domain, investigations of carbon emissions can be divided into two 
clusters. The first route of research focuses on carbon performance related to the built 
environment, which is a popular topic in construction research. For instance, in order to 
build a low-carbon or zero-carbon home, numerous studies provide many methods and 
measures, such as implementing carbon policies (e.g. carbon tax, emissions trading, 
emission standards) (Lu et al., 2012), innovating products, practices and processes in 
construction enterprises (Killip, 2013), building on the moderating role of organisational 
culture (Wong & Zapantis, 2013), and creating a policy framework and support 
mechanisms (Heffernan et al, 2015). The second strand studies carbon performance in 
construction activities, which is rare in construction studies. The carbon performance of 
a hotel construction project in South Wales has been evaluated with the intention of 
mapping carbon emissions from construction activities and measuring the carbon 
footprint of the activities (Ren et al., 2012). Mukherjee (2012) proposed a framework to 
estimate the carbon footprint for typical construction work-items by applying life-cycle 
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assessment methods and inventories. Nevertheless, studies that quantify the performance 
measurement of carbon emissions cannot be identified in the construction industry. 
 
In summary, controlling carbon emissions in the construction industry has positive 
environmental and economic implications for global development. The purpose of this 
research project is to measure the trend of carbon emission performance under the 
objective of reducing carbon emissions with consideration of input constraints and 
without decreasing desirable outputs. The performance results are based on measuring 
carbon emission efficiency from a total factor perspective using the DEA technique and 
the Malmquist index. 
 
3.2 The DEA-based Malmquist index in the construction industry 
DEA is a non-parametric method utilised to investigate the relative efficiency of a DMU 
by projecting production variables in geometric figures. DEA has gained great 
popularity in energy and environmental modelling (Zhou et al., 2008). The DEA-based 
Malmquist index, since it was theoretically proved by Caves et al. (1982), has been 
extensively utilised in measuring production performance changes as well. The index 
provides an opportunity to compare the DEA results and decompositions of the index, 
and therefore can identify the influencing factors for performance changes. In addition, 
the Malmquist index relates to the Törnqvist index and the Fisher index, which has also 
led to the popularity of the Malmquist index (Lovell, 2003). 
 
As a quantitative index, the DEA-based Malmquist index has been applied in diverse 
contexts to estimate production performance changes, especially measuring changes in 
productivity and efficiency. At the macroscopic level, Coelli & Rao (2005) examined 
TFP growth for 93 countries using Malmquist index analyses; Zhou et al. (2010) 
calculated the Malmquist index of total carbon emissions; and Färe et al. (2012) 
employed the Malmquist index to analyse the timing of GHG reduction and propose that 
reduction costs would be lower if countries allowed production to be redistributed. At 
the mesoscopic level, the Malmquist index has been widely utilised in different types of 
businesses, such as the motor carrier industry (McMullen & Okuyama, 2000) and road 
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safety of US states (Egilmez & McAvoy, 2013). At the micro-level, Chang et al. (2009) 
measured changes in the productivity and efficiency of US accounting firms through 
utilising the index; and del Mar Salinas-Jiménez (2004) analysed the effects of public 
infrastructure on private factor productivity and efficiency in Spanish regions using the 
Malmquist decomposition method.  
 
In the construction domain, the Malmquist index is primarily employed to measure TFP 
changes. The index has been utilised in measuring the TFP changes in the Chinese 
construction industry (Xue et al., 2008). Eltaief (2011) measured the TFP of construction 
companies in Libya using the Malmquist productivity index. Wang et al. (2013) also 
studied the TFP of the Chinese construction industry using DEA-based Malmquist 
indices. Moreover, according to different decomposition methods, the Malmquist index 
can be decomposed into various sections. Li & Liu (2010) measured the TFP changes of 
the Australian construction industry using the DEA-based Malmquist productivity index, 
where the index was decomposed into the output bias index, input bias index, neutral 
technical change index, pure technical efficiency index and activity effect index. Horta 
et al. (2013) applied DEA for the evaluation of efficiency and employ the Malmquist 
index to estimate productivity changes in the construction industry worldwide, where the 
index is decomposed into efficiency change and technological change. However, so far 
no research has employed the Malmquist index to evaluate production performance for 
one aspect in construction. Hu & Liu (2015) adopted the Malmquist index method to 
investigate the factors affecting the energy productivity of the Australian construction 
industry and compare these factors with those decomposed from TFP changes. This 
chapter employs the DEA-based Malmquist index to evaluate the performance changes 
and influencing factors of carbon emissions in a total factor framework for the 
Australian construction industry. 
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3.3 Methodology 
3.3.1 Measuring the efficiency of undesirable outputs 
Consider  j=1, 2, …, J observed in time t, t=1, 2, …, T. Assume the inputs X = 
( , , …, )  = (x: x  , x 0) of each DMU can produce into desirable 
outputs Y = ( , , …, )   = (y: y  , y 0) and undesirable outputs = ( , 
, …, )  = (b: b  , b 0) in a production technology set F, i.e.  = 
{( ),  can produce  and  at time t}. N, M, W and T are the numbers of the 
variables of inputs, desirable outputs, undesirable outputs and time periods, respectively. 
This research selects sequential benchmark technology to constitute the production 
technology set. 
 
Let the i-th observation or .be evaluated at period t in the set of . The calculating 
model (3-1), which is utilised to measure the efficiency of undesirable outputs for  
under CRS, can be constructed by the objective function  = 
(inf{λ:( ) }) subject to the following constraint conditions: 
 
 =     (3-1) 
s.t.  
 ≤    (3-1a) 
     (3-1b) 
 ≤    (3-1c) 
 and  
 
Here,  represents the efficiency of undesirable outputs and moreover indicates the 
target emission ratio of undesirable outputs that can be achieved for the given inputs and 
desirable outputs using benchmark technology. , which is the intensity factor of each 
DMU, is utilised to structure the frontier of the sequential production technology set , 
which is from the beginning period to period t. The inequality constraints of (3-1a) and 
(3-1b) respectively require that the target values of  should use no more inputs and 
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produce no fewer desirable outputs than their actual values, in which the variables of the 
inputs and desirable outputs are freely disposable. The inequality constraint in (3-1c) 
demonstrates the requirement of the undesirable outputs to be reduced at a maximum 
level, where the undesirable outputs are strongly disposable.  
 
When the objective function of  is under VRS, an extra constraint 
condition =1 should be added. Similarly, the efficiency of ( ) in 
the set  is defined as ( ) = (inf{λ:( ) }); and the 
efficiency of ( ) in the set  is defined as  ( ) = 
(inf{λ:( ) }). Accordingly, the efficiency λ of undesirable outputs 
can be respectively calculated for ( ), ( ) and 
( ) under CRS and VRS by following the previous procedures. 
 
3.3.2 The DEA-based Malmquist index and its components 
According to the definition of the DEA-based Malmquist index (Caves et al., 1982), a 
Malmquist performance change index (MPCI) is defined to evaluate the performance 
changes of undesirable outputs over time based on the efficiency results. When 
measuring a performance change between periods t and t+1, MPCI is presented as the 
geometric mean of performance changes at periods t and t+1, as follows in equation (3-
2). This definition can avoid the assumption of Hicks-neutral technical change that 
requires a production change does not affect the assumed production function. 
Following the Malmquist decomposition method that was produced by Färe et al. 
(1994), MPCI is decomposed into the pure technical efficiency change index (PTECI), 
scale efficiency change index (SECI) and technological change index (TCI). The 
calculations of PTECI, SECI and TCI are respectively provided in equations (3-3), (3-4) 
and (3-5).  
 =  (3-2) 
 =       (3-3) 
 =    (3-4) 
50 
 
 =    (3-5) 
 
The  of equation (3-2) measures the performance changes in undesirable 
outputs between two adjacent periods t and t+1. If  >1, the performance is 
incremental from period t to period t+1, which indicates that the  production 
becomes more environmental and efficient. In other words, fewer undesirable outputs 
are produced from period t to period t+1. Similarly, if < or = 1, MPCI is in 
decline or stagnation, respectively. The changes in PTECI, SECI and TCI in equations 
(3-3), (3-4) and (3-5) possess the same meanings. As MPCI is measured in CRS 
production technology, where all the efficiency results are calculated by the DEA 
models from total factor production, MPCI is a total factor performance index for 
undesirable outputs (Zhou et al., 2010). In particular, the CRS condition which is utilised 
in constructing DEA models is a necessary condition for measuring true indices (Chung 
et al., 1997). 
 
3.4 Empirical study 
The construction industries of the Australian states and territories are selected for 
observation. The measurement variables comprise two input factors, employed persons 
and construction work done, a desirable output factor named industry gross value added 
and an undesirable output factor called -e emissions. By calculating the above 
models, the annual results of the total factor carbon emission performance indices are 
obtained, including MPCI, PTECI, TCI and SECI. 
 
3.4.1 Analysis of pure technical efficiency change 
The PTECI values for the total factor carbon emission performance for all construction 
sectors are demonstrated in Table 3-1. The NT’s construction industry achieved the 
fastest improvement among all construction industries in the research period, mainly 
promoted by sharp improvements in 1996–97, 1999–2001 and 2011–13 when the 
outstanding enhancement of labour efficiency, capital efficiency and value added were 
achieved respectively. The construction industry of Tas. was the second fastest one, 
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primarily caused by the rapid improvements in 1994–95 and 2004–06. The construction 
industry of WA also attained some obvious improvements. Some regions in some phases 
remained unchanged, such as the ACT over the research years except in 1997–99 and 
the NT and WA in many study phases. Although NSW indicated unchanged trends in 
most of the study periods, it declined slightly over the whole research period due to a 
sharp downgrade in 2010–11. Before 2011, the gross value added of NSW was better 
than that of WA; then the benchmark for NSW would be itself, with the largest 
construction market in Australia, and the -e reduction amount would be limited. In 
and after 2011, the gross value added of NSW was less than that of WA; then the 
benchmark for NSW was WA and the -e reduction amount would be greater. As a 
result, there was an abrupt drop in PTECI for NSW from 2010 to 2011. Moreover, Qld 
with a limited decrease and Vic. and SA with obvious decreases can be observed from 
their average values of PTECI over all research phases.  
3.4.2 Analysis of scale efficiency change 
Table 3-2 indicates the SECI values for the total factor carbon emission performance in 
the Australian construction industry. The SECI in all areas demonstrates a trend towards 
an increase over the research period from the mean values. This implies that the SECI 
plays a positive role in the total factor -e emissions performance changes in the 
whole construction sector. The highest average incremental value for the NT was 2.51% 
during the research years, followed by NSW with 2.41%, both were strongly improved 
by some powerful points. The SECI of the construction industry in Vic. was also 
obviously enhanced because of continual and gradual upward forces from 1996 to 2000 
and from 2006 to 2013, followed by that of Qld. The construction industries of SA and 
WA also demonstrate a trend of improvement. Although the Tasmanian construction 
industry experienced a series of reductions in most research years, it achieved a slight 
improvement over the whole surveyed period from the mean value due to several abrupt 
increases. The SECI in the ACT remained steady over the whole surveyed period except 
for 1997–99 and 2006–08. Furthermore, the SECI in the overall industry showed no 
growth simultaneously in 2004–06 and no decline in 2003–04. 
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Table 3-1 The pure technical efficiency change in the total factor carbon emission 
performance 
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.0000 1.0000 0.8585 1.0000 1.0000 1.0425 1.0000 1.0000 
1991–92 1.0000 0.7912 0.9876 0.8181 1.0000 1.0816 1.0000 1.0000 
1992–93 0.8748 0.9890 0.9866 0.7950 0.9978 0.8633 1.0000 1.0000 
1993–94 1.1431 0.9694 0.9915 1.1411 1.0023 0.9885 1.0000 1.0000 
1994–95 1.0000 0.9721 1.0410 1.3474 1.0000 1.7401 0.8410 1.0000 
1995–96 1.0000 1.0553 0.9874 1.0000 0.9963 0.5397 0.8506 1.0000 
1996–97 1.0000 0.8540 1.0362 1.0000 0.8280 1.2669 1.2420 1.0000 
1997–98 1.0000 1.0589 0.9850 0.7708 0.9548 0.9855 0.7950 0.9640 
1998–99 1.0000 1.0660 1.0304 0.8920 1.2697 0.9347 0.7611 1.0373 
1999–00 1.0000 0.9247 0.9699 0.7801 1.0000 0.9613 1.5535 1.0000 
2000–01 0.7901 0.8758 0.8802 0.9228 1.0000 1.1137 1.1974 1.0000 
2001–02 1.2657 1.2507 1.7737 1.2369 0.8683 0.6730 1.0000 1.0000 
2002–03 1.0000 1.0758 0.7179 0.8769 1.1516 0.9874 1.0000 1.0000 
2003–04 1.0000 0.9843 1.0390 1.1964 1.0000 0.5809 1.0000 1.0000 
2004–05 1.0000 1.2430 1.0207 1.0614 1.0000 1.3153 1.0000 1.0000 
2005–06 1.0000 0.8583 1.0863 0.8033 1.0000 1.6618 0.9515 1.0000 
2006–07 1.0000 1.0063 1.0586 1.0456 1.0000 0.5689 1.0510 1.0000 
2007–08 1.0000 0.8586 1.0602 0.8798 1.0000 0.9778 1.0000 1.0000 
2008–09 1.0000 0.7451 0.9115 0.7873 1.0000 1.0445 0.9634 1.0000 
2009–10 1.0000 0.9682 0.6912 1.0485 1.0000 1.0352 0.6514 1.0000 
2010–11 0.4297 0.7595 0.9231 0.8949 1.0000 0.9918 0.9913 1.0000 
2011–12 0.8666 0.8341 0.8762 0.8438 1.0000 1.0049 1.1114 1.0000 
2012–13 0.9794 1.0627 1.0117 0.9623 1.0000 0.9806 1.4464 1.0000 
Mean 0.9717 0.9653 0.9967 0.9611 1.0030 1.0148 1.0177 1.0001 
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Table 3-2 The scale efficiency change in the total factor carbon emission 
performance 
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.0515 1.2629 1.0728 0.9993 1.0162 0.9562 1.0000 1.0000 
1991–92 0.8389 0.9966 0.9362 1.0091 1.0186 1.0290 0.8391 1.0000 
1992–93 1.0651 0.8354 1.0266 0.8039 0.8971 0.9264 0.7946 1.0000 
1993–94 0.9499 0.9152 1.0458 0.9964 0.7832 0.8693 1.4999 1.0000 
1994–95 1.1035 1.1102 1.0172 1.0938 1.2015 1.1515 0.8412 1.0000 
1995–96 1.0146 0.9529 1.0156 1.0107 0.8288 0.9383 0.6627 1.0000 
1996–97 0.9928 1.1502 0.9918 0.6244 1.2212 1.1449 1.2992 1.0000 
1997–98 1.0230 1.0162 1.0226 1.1849 1.0693 0.5673 0.7291 0.8878 
1998–99 1.0057 1.0035 0.9972 1.0324 0.7638 0.9931 1.7398 1.1264 
1999–00 1.1341 1.1346 1.1390 1.4077 1.0892 0.9091 1.0790 1.0000 
2000–01 0.9591 0.9587 0.9591 0.9570 1.0379 0.8151 1.0088 1.0000 
2001–02 0.9237 0.9675 0.6484 0.9565 1.1100 1.6327 1.0000 1.0000 
2002–03 0.8516 0.8123 1.1995 0.8850 0.6981 0.7658 0.9559 1.0000 
2003–04 1.0469 1.0284 1.0200 1.0053 1.1678 1.9657 1.0461 1.0000 
2004–05 0.9421 0.7710 0.9544 0.9137 0.9694 0.8000 1.0000 1.0000 
2005–06 0.7056 0.9313 0.7661 0.8945 0.8800 0.8142 0.9079 1.0000 
2006–07 0.9659 1.0528 1.0757 1.0653 1.3062 1.1894 1.0344 0.9877 
2007–08 0.9064 1.0157 0.8651 0.9929 0.9261 0.8399 1.0648 1.0124 
2008–09 1.0443 1.3327 1.1717 1.2719 1.1129 1.0016 0.9822 1.0000 
2009–10 0.9306 1.0210 1.3208 0.9865 0.9826 1.0288 0.7713 1.0000 
2010–11 1.9998 1.1057 1.0928 1.0877 1.0874 0.8926 0.9335 1.0000 
2011–12 1.0552 1.0871 1.0850 1.0860 1.0796 0.9063 1.0885 1.0000 
2012–13 1.0449 1.0089 1.0109 1.0176 1.0210 0.8697 1.2991 1.0000 
Mean 1.0241 1.0205 1.0189 1.0123 1.0116 1.0003 1.0251 1.0006 
 
3.4.3 Analysis of technological change 
Table 3-3 shows the TCI values for the total factor carbon emission performance for all 
construction industries. Owing to sequential benchmark technology, which demands 
benchmark technologies without going backwards in the production set, the TCI in all 
construction sectors illustrated continuous growth over the research period. Importantly, 
some TCI results could not be measured, such as in the construction industries of the 
ACT and the NT in most observed periods and WA in 2011–13. This is because their 
technological progress occurred so rapidly in period t+1 that their performances could 
not be defined from the production set in period t. In other words, the production 
technology related to -e emissions moved forward in these regions and periods. This 
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situation has been discussed in previous studies (e.g. Chung et al., 1997; Färe et al., 
2006). Except for the ACT, the NT and WA, the growth in Tas. was the fastest among 
all the regions, followed by SA, Vic., Qld and NSW. Moreover, if the TCI result is equal 
to 1.0000, the technology did not increase between the two periods. No advances 
occurred in 1997–98 or 2006–07 for the whole construction industry, which indicates 
that benchmark technology did not advance in those phases. 
Table 3-3 The technological change in the total factor carbon emission performance 
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.0508 1.1384 1.1604 1.2497 1.2382 1.2342 na na 
1991–92 1.0529 1.0237 1.0396 1.0133 1.0138 1.0201 1.0007 na 
1992–93 1.0330 1.1807 1.0422 1.1301 1.1007 1.1507 1.0197 na 
1993–94 1.0000 1.0728 1.0000 1.1521 1.1481 1.1658 na 1.2104 
1994–95 1.0000 1.0001 1.0000 1.0592 1.0513 1.0519 1.0000 na 
1995–96 1.0277 1.0319 1.0277 1.5393 1.1451 1.9261 1.4624 na 
1996–97 1.0556 1.0556 1.0556 1.0961 1.0556 1.0717 1.0274 1.0838 
1997–98 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 
1998–99 1.0078 1.0078 1.0078 1.0078 1.0078 1.0065 na na 
1999–00 1.0247 1.0247 1.0247 1.0247 1.0247 1.0247 1.0836 na 
2000–01 1.0494 1.0494 1.0494 1.0494 1.0494 1.0494 na na 
2001–02 1.0241 1.0241 1.0241 1.0241 1.0241 1.0241 na na 
2002–03 1.3240 1.3240 1.3240 1.3240 1.3240 1.3240 na na 
2003–04 1.0593 1.0593 1.0593 1.0593 1.0593 1.0593 na na 
2004–05 1.1524 1.1524 1.1524 1.1524 1.1524 1.1524 na 1.0735 
2005–06 1.3842 1.3842 1.3842 1.3842 1.3842 1.3842 1.0447 na 
2006–07 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 
2007–08 1.1868 1.1868 1.1868 1.1868 1.1868 1.1868 na na 
2008–09 1.0519 1.0519 1.0519 1.0519 1.1184 1.0519 1.0276 1.2032 
2009–10 1.1188 1.1188 1.1188 1.1188 1.1188 1.1188 1.2138 1.3753 
2010–11 1.0979 1.0979 1.0979 1.0979 1.0979 1.0979 1.0979 na 
2011–12 1.1132 1.1132 1.1132 1.1132 na 1.1132 1.3919 na 
2012–13 1.0000 1.0000 1.0000 1.0000 na 1.0000 na na 
Mean 1.0789 1.0912 1.0835 1.1232 na 1.1397 na na 
 
3.4.4 Analyses of the Malmquist carbon emission performance changes  
The MPCI values for the total factor carbon emission performance in all construction 
industries are shown in Table 3-4. Because some TCI results could not be measured in 
some regions and periods, the MPCI could not be identified for these regions and 
periods. As a result, the ACT, the NT and WA had better performance than other 
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districts. For instance, the construction industry of the NT reduced net energy usage 
from 0.9 PJ in 1990 to 0.3 PJ in 2013 (Australian Government Department of Industry 
and Science, 2015). This decrease in energy usage led to the reduction and performance 
improvement of -e emissions. Furthermore, the other construction industries of Tas., 
SA, Qld, Vic. and NSW annually improved by 10.74%, 8.11%, 7.1%, 5.93% and 3.85% 
from 1990 to 2013 according to their average values, respectively. More importantly, the 
MPCI for the whole Australian construction industry was collectively boosted in 2002–
05 and 2011–12. Overall, the MPCI for the whole construction industry demonstrated a 
trend of growth over the study period. This means that the carbon emission performance 
improved in the Australian construction industry 
Table 3-4 The Malmquist performance changes of carbon emissions  
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.1049 1.4376 1.0688 1.2487 1.2583 1.2304 na na 
1991–92 0.8833 0.8072 0.9612 0.8366 1.0326 1.1353 0.8396 na 
1992–93 0.9625 0.9754 1.0556 0.7223 0.9852 0.9203 0.8103 na 
1993–94 1.0857 0.9518 1.0369 1.3099 0.9012 1.0017 na 1.2104 
1994–95 1.1035 1.0794 1.0589 1.5611 1.2631 2.1078 0.7074 na 
1995–96 1.0426 1.0377 1.0305 1.5557 0.9455 0.9754 0.8244 na 
1996–97 1.0479 1.0369 1.0847 0.6843 1.0674 1.5544 1.6579 1.0838 
1997–98 1.0230 1.0760 1.0073 0.9133 1.0210 0.5591 0.5796 0.8558 
1998–99 1.0135 1.0780 1.0355 0.9281 0.9774 0.9342 na na 
1999–00 1.1621 1.0751 1.1320 1.1252 1.1161 0.8955 1.8163 na 
2000–01 0.7952 0.8811 0.8859 0.9267 1.0892 0.9526 na na 
2001–02 1.1973 1.2392 1.1777 1.2116 0.9870 1.1252 na na 
2002–03 1.1275 1.1570 1.1401 1.0275 1.0645 1.0012 na na 
2003–04 1.1090 1.0723 1.1225 1.2740 1.2370 1.2096 na na 
2004–05 1.0857 1.1045 1.1225 1.1175 1.1171 1.2125 na 1.0735 
2005–06 0.9767 1.1064 1.1520 0.9947 1.2180 1.8730 0.9025 na 
2006–07 0.9659 1.0594 1.1388 1.1138 1.3062 0.6767 1.0871 0.9877 
2007–08 1.0758 1.0351 1.0885 1.0368 1.0992 0.9747 na na 
2008–09 1.0985 1.0445 1.1234 1.0534 1.2446 1.1005 0.9724 1.2032 
2009–10 1.0411 1.1059 1.0214 1.1572 1.0993 1.1915 0.6099 1.3753 
2010–11 0.9435 0.9220 1.1075 1.0687 1.1939 0.9719 1.0160 na 
2011–12 1.0179 1.0093 1.0583 1.0200 na 1.0138 1.6839 na 
2012–13 1.0234 1.0722 1.0227 0.9792 na 0.8529 na na 
Mean 1.0385 1.0593 1.0710 1.0811 na 1.1074 na na 
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The cumulative growth of the MPCI in the Australian construction industry, except for 
the ACT and the NT due to not having calculated results for most of research period, is 
shown in Figure 3-2. It can be seen that the displayed regions experienced a continuous 
and gradually increasing period over 1990–2013. The construction industry of WA 
obtained the fastest growth among all areas, especially from 2005. The construction 
industry of Tas. clearly showed improved performance, although it experienced various 
fluctuations during the activity period. For example, the Tasmanian construction 
industry released -e (Gg) of 256.9, 154.59 and 274.69 in 2005, 2006 and 2007 
(Australian Government Department of the Environment, 2015), respectively. As a 
result, the MPCI in the Tasmanian construction industry attained a peak in 2005–06. The 
reason may be that Tasmania implemented a series of actions for reducing carbon 
emissions such as the Draft Climate Change Strategy, effective volunteering activities 
and changes to management in 2006 (Tasmanian Climate Change Office & Department 
of Premier and Cabinet, 2008). Another reason could be data errors. Morover, the 
cumulative MPCI in the other construction sectors including Qld, SA, Vic. and NSW 
display a gradual upward trend during 1990-2013. 
 
 
Figure 3-2 The cumulative MPCI trends for the Australian construction industry over 
time 
 
3.5 Driving forces analysis for the total factor carbon emission performance 
In order to investigate the driving forces for the total factor carbon emission 
performance, the relationships and comparisons between the MPCI and three 
components of PTECI, SECI and TCI needed be investigated in the Australian 
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construction industry. The mean values for these indices are shown in Table 3-5. It can 
be seen that the MPCI in all the construction industries improved over the observed 
period, mainly because of a noticeable improvement in technological change. Previous 
studies have shown that technology innovation plays an important role in carbon 
emission performance development (e.g. Riccardi et al., 2012; Zhang et al., 2015a). The 
development of the SECI furthermore promoted MPCI progress in all the construction 
industries. Construction scale factors such as residents’ housing demands and public 
project investment could also have played a positive role in MPCI development. For 
instance, the total value of all types of buildings approved in 2013 more than tripled 
compared with 1990 (source: ABS, 2015). Moreover, in the NT and Tas., the PTECI 
also provided a positive force for MPCI growth. This suggests that the construction 
sectors in the NT and Tas. reinforced internal construction activities to promote -e 
emissions efficiency, for example, improvements in construction enterprise 
management, engineering project management and workforce skills. However, the 
function of the PTECI was a clear negative effect on MPCI advancement in NSW, Vic., 
Qld and SA, and a slight positive effect in WA and the ACT. Therefore, this shows that 
these construction industries introduced advanced equipment and machinery (the TCI 
improved), but they did not utilise the equipment and machinery efficiently or 
sufficiently (the PTECI declined). 
 
Table 3-5 Driving forces for the total factor carbon emission performance growth: 1990-
2013 
 NSW Vic. Qld SA WA Tas. NT ACT 
MPCI 1.0385 1.0593 1.0710 1.0811 na 1.1074 na na 
PTECI 0.9717 0.9653 0.9967 0.9611 1.0030 1.0148 1.0177 1.0001 
SECI 1.0241 1.0205 1.0189 1.0123 1.0116 1.0003 1.0251 1.0006 
TCI 1.0789 1.0912 1.0835 1.1232 na 1.1397 na na 
 
Identifying construction benchmarks is the foundation of continuous performance 
improvement (Park et al., 2005). The recognition of benchmarks and the learning of 
techniques from benchmarks are conducive to promoting construction growth and 
reducing -e emissions. DEA is one of the best methods for realising benchmarking 
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techniques that can be achieved for other DMUs (Lin & Huang, 2009). Sequential 
benchmark technology in DEA can refrain from searching for benchmarks in future 
DMUs, so that the identified benchmarks are available and achievable for inefficient 
DMUs to learn techniques from benchmark DMUs. A DMU will be considered a 
technology benchmark if the three followed conditions are achieved (Färe et al., 1994; 
Zhang et al., 2015a): 
 
     (3-6a) 
  (3-6b) 
  (3-6c) 
 
Equation (3-6a) indicates that the technological factor should increase from period t to 
period t+1, which suggests that the production frontier-shift effect positively improved. 
In other words, the production frontier moved upwards from periods t to t+1. Equation 
(3-6b) shows that the DMU  at period t+1 is located outside the 
production frontier of the production set at period t. In this case, this DMU at period t+1 
is better than all DMUs of the production set at period t. The DMU, which could not be 
measured in Tables 3-3 and 3-4, is totally in this situation. Equation (3-6c) requires that 
this DMU at period t+1 should be located on the production frontier of the production 
set at period t+1. Table 3-6 provides the results of the technology benchmarks identified 
in the Australian construction industry from 1990 to 2013. 
Table 3-6 Technology benchmarks in the Australian construction industry 
Year Technology benchmark Year Technology benchmark 
1990–91 NT, ACT 2002–03 NT, ACT 
1991–92 ACT 2003–04 ACT 
1992–93 ACT 2004–05 NT, ACT 
1993–94 NT, ACT 2005–06 NT, ACT 
1994–95 ACT 2006–07 ACT 
1995–96 ACT 2007–08 ACT 
1996–97 ACT 2008–09 NT, ACT 
1997–98 ACT 2009–10 ACT 
1998–99 ACT 2010–11 ACT 
1999–00 ACT 2011–12 ACT 
2000–01 ACT 2012–13 NT, ACT 
2001–02 NT, ACT   
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From Table 3-6, the ACT was a technology benchmark in every period and the NT was 
a technology benchmark occasionally. In each period, the construction industry of the 
ACT released the least -e but was ranked sixth in terms of gross value added in the 
whole industry. For instance, in 1990 and 2013, the percentages of -e emissions of 
the ACT’s construction industry were 0.92% and 0.94% in the whole industry, but the 
percentages of gross value added were 2.02% and 2.89%, respectively. Therefore, it can 
be concluded that -e emissions in the ACT’s construction industry were efficient and 
effective. The situation of the NT is similar to that of the ACT. Therefore, the learning 
of techniques from the ACT and the NT is a significant and effective pathway for 
improving carbon emission performance in the Australian construction industry. 
 
3.6 Concluding remarks 
Managing carbon emissions without discouraging production improvement has positive 
environmental and economic implications in sustainable development. Effective 
performance measurement can support the improvement of production performance and 
the reduction of carbon emissions. This study has examined the carbon emission 
performance of the Australian construction industry in a total factor production 
framework. In the Australian construction industry, the total-factor -e emission 
performance has improved from 1990 to 2013, primarily resulting from technological 
advancement. It can be asserted that the Australian construction industries have 
introduced a number of advanced technologies during the research period. The scale 
efficiency factor has also played a positive effort in promoting the performance progress 
of -e emissions. However, the pure technical efficiency factor did not evidently 
improve in most of the Australian construction industries.  
 
The Australian construction industry overall could promote technical efficiency through 
developing management ability in internal construction activities, mainly including 
technological capability, human resource management capability and resource allocation 
capability. In construction project management, improving carbon emission performance 
could be achieved by effectively and efficiently managing equipment, machinery, fleet, 
site layout, energy utilisation and material supply. Furthermore, the measures and 
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policies from the technology benchmarks of the ACT and the NT can promote -e 
emission performance. For instance, according to ACT Sustainable Energy Policy, the 
ACT Government has been positively encouraging construction designers and 
practitioners to exceed minimum sustainability standards by developing, building and 
planning regulations such as new energy efficiency standards for all buildings and 6-star 
energy rating for new detached dwellings. In the Carbon Neutral ACT Government 
Framework, tender evaluation criteria of selecting major construction works consist of 
evaluating tender commitment and capacity of providing effective climate change 
outcomes, appropriate embodied energy of construction projects and sustained 
reductions of carbon emissions. Therefore, although -e emission performance 
improved steadily over the research period, it would be a feasible practice to further 
promote -e emission performance for the whole construction industry through 
enhancing pure technical efficiency and learning low-carbon construction techniques 
from the benchmarks. 
 
This research is a leading study of quantifying the performance measurement of -e 
emissions in the construction domain. More importantly, the research clearly defines that 
the performance measurement of -e emissions should focus on -e emissions 
themselves. The measurement results can prevent straightforward decisions about ways 
to reduce -e emissions being made at the expense of decreasing desirable outputs or 
wasting input resources. The research can assist construction industries worldwide to 
investigate performance changes in undesirable outputs and to identify the influencing 
factors for improving sustainable development. Introducing advanced technologies can 
promote total-factor carbon emission performance, but the technologies should be used 
efficiently and efficiently in construction project management so as to further enhance 
the performance. The research approach presented in this study is generic and can be 
applied to other sectors or regions to investigate the influencing factors for production 
performance changes, especially in evaluating the performance of undesirable outputs. 
Future work could use other measurement techniques such as panel data analysis in 
related research. Investigating specific factors and measures for further improving the 
performance is other vital future work. 
61 
 
 
Chapter 4   Productivity analysis in the Australian 
construction industry 
 
This chapter is related to two journal papers as: 
Hu, X., & Liu, C. (2016). Carbon productivity: a case study in the Australian 
construction industry. Journal of Cleaner Production, 112, 2354-2362. 
Hu, X., & Liu, C. (2016). Total factor productivity measurement with carbon reduction. 
Engineering, Construction and Architectural Management (Accepted). 
 
4.1 Introduction 
Productivity that is an economic concept is a key assessment indicator in enterprise 
competitiveness, industry growth, and country performance. Productivity research has 
been a popular topic in both the construction industry and academia (Park et al., 2005). 
This is due to the fact that, on the one hand, construction decision-makers are interested 
in evaluating how they are functioning, while on the other hand, governments are 
interested in obtaining feedbacks on their strategies and policies. Moreover, improving 
construction productivity is necessary in order to survive in the highly competitive 
construction business environment (Park et al., 2005). Therefore, productivity indicators 
are investigated so as to analyse the construction production performance of the 
construction industry in this chapter. 
 
According to the usual concept of productivity (e.g. Grönroos & Ojasalo, 2004), 
productivity is defined as the ratio between the outputs produced and the inputs 
consumed. Inputs mainly consist of labour and capital, while output is typically 
measured in desirable indicators such as value added. In terms of a single input, the 
notion of productivity is expressed as a PFP, for instance, labour productivity and capital 
productivity. When referring to total inputs, the conception of TFP is defined. TFP is the 
rate of outputs to the sum of all input factors. All productivity indexes indicate 
usefulness for policy-makers and industry practitioners to understand the performance of 
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a research object. Crawford & Vogl (2006) discussed the relative advantages and 
disadvantages of various productivity indexes in the construction field and claimed that 
all indexes were established in an application and were utilised in practice. The primary 
advantage of PFP is easy to obtain calculated data, and to compute and understand. 
However, the greatest limitation of PFP is its inability to explain overall productivity 
changes, which would mislead production decisions if PFP were utilised alone. TFP is 
better than PFP when measuring overall industrial efficiency (Eastman & Sacks, 2008). 
In the construction domain, previous literature has widely studied TFP without 
considering carbon emissions (e.g. Crawford & Vogl, 2006; Li & Liu, 2010), labour 
productivity (Li & Liu, 2012) and capital productivity (Li & Liu, 2011). However, in 
comparing those popular productivity items, very few studies about CP in the 
construction domain can be found. Moreover, these TFP measurements merely estimate 
desirable outputs and they neglect undesirable outputs such as carbon emissions. This 
does not accurately depict the nature of construction and therefore yields biased 
estimation results. 
 
In order to determine and investigate the elements influencing productivity fluctuations, 
various methods of decomposition analysis have been proposed. The main purpose of 
decomposition analysis is to explore the relative contributions that result in production 
changes, which is useful in policy formulation and implementation, and demand 
forecasting (Ang & Choi, 1997). Different decomposition methods can lead to different 
estimations in identifying impacts, given various equations (Liu & Ang, 2003). Three 
major approaches of decomposition analysis can be identified in previous studies, 
including structural decomposition analysis, production-theoretical decomposition 
analysis, and index decomposition analysis (Zhou & Ang, 2008; Lin & Du, 2014; Zhang 
& Da, 2015). Structural decomposition analysis is related to the input–output model and 
requires plenty of data sources, and it generally analysis indirect factors, such as 
technical and demand effects. Production-theoretical decomposition analysis is built on 
the production theory framework and mainly involves production technology analysis; 
however, it cannot investigate structural changes (Zhang & Da, 2015). Index 
decomposition analysis, which is based on the theory of Index numbers, generally 
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explores the effects of sector component and industrial structural changes (Lin & Du, 
2014).  
 
Carbon emissions are a major issue in the construction industry. Moreover, the 
construction industry is a significant component of the economic landscape and plays an 
important role in developing economic. Accordingly, encouraging construction growth 
without encouraging carbon reduction has both economic and environmental 
implications for the construction industry. The primary aim of this chapter is to 
investigate CP and TFP by measuring, decomposing and comparing their indicators, 
which finally benefits environmental protection and economic growth simultaneously. 
First, CP is measured, and its changes over time are decomposed by a method of index 
decomposition analysis. Furthermore, TFP in consideration with carbon reduction is 
measured through a sequential Malmquist–Luenberger productivity analysis based on a 
directional distance function and a sequential benchmark technology using the DEA 
technique. The driving forces for TFP change are explored through a method of 
production-theoretical decomposition analysis.  
 
4.2 Literature review of carbon productivity and Malmquist–Luenberger 
total factor productivity index 
4.2.1 Carbon productivity and the Log-Mean Divisia index  
CP is defined as the amount of GDP produced per unit of carbon emissions (Ekins et al., 
2012; Shao et al., 2014), accordingly, which is a type of PFP. Under this definition of 
CP, carbon emissions produced from resource consumption are considered a type of 
environmental input, as they can damage the carrying capacity of the environment. In 
previous studies, it was shown that pollutants can essentially be treated as inputs for 
processing in productivity research (e.g. Hailu & Veeman, 2001; Wu et al., 2014). 
According to the definition of CP, CP includes twofold meanings that “doing the right 
things” would enhance GDP and “doing things right” would reduce carbon emissions. 
Increasing CP can sustainably promote economic growth while carbon emissions are 
reduced (Dedrick, 2010). The enhancement of CP is an appropriate approach to 
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increasing the number of carbon sinks and the potential for economic development 
(Wang et al., 2014).Therefore, CP establishes a relationship between economic growth 
and environmental protection. 
 
CP is popularly utilised in measuring the emission performance of an economy over 
time (Enkvist et al., 2008). CP has been utilised to evaluate the effects on productivity of 
environmental tax reform (Ekins et al., 2012), to assess the environmental quality of 
multi-industry development (Shen, 2014), and to investigate the efficiency of the carbon 
emissions of industries so as to establish a corresponding relationship between carbon 
emissions and economy of scale of industries (Shao et al., 2014). An assessment of CP 
can be applied to analyse country’s contributions in addressing global climate change 
(He et al., 2010) and to explore carbon reduction shares among regions with similar 
social and economic environments (Meng & Niu, 2012). He & Su (2011) compared CP 
among different developing countries, and concluded that enhancing CP is a major 
pathway to addressing climate change under the requirement of sustainable development. 
Meng & Niu (2012) measured CP for Chinese industries, and concluded that China has 
the potential to improve its CP. Furthermore, CP is also an indicator in relation to 
building a low-carbon economy which is designed to achieve the global vision of 
controlling GHG emissions and developing the social economy (Zheng et al., 2012). 
However, there are few studies related to CP in the construction sector. 
 
Currently, the index decomposition analysis, which has a low data requirement and is 
flexible in problem calculation, has become the popular analytical method for modelling 
environmental issues and has been applied in many empirical studies (Lin & Du, 2014). 
This fact has been surveyed by researchers such as Ang (1995), Ang & Zhang (2000), 
and Choi & Ang (2012). In the index decomposition analysis, the LMDI decomposition 
method has been popularly applied in academic teams, national statistical agencies, and 
international organizations (Liu & Ang, 2007). LMDI, which is refined from the Divisia 
index, has the ability to attain no decomposition residuals and to handle the value of zero 
in the data set (Ang & Choi, 1997). The LMDI decomposition method has many 
significant desirable properties, for instance, theoretical foundation, adaptability, path 
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independency, easy application, and result interpretation, factor-reverse, time-reverse 
and zero-value robust (Ang, 2004; Wang et al., 2013). The results from LMDI are non-
parametric, exact and time-reversible (Wood, 2009). Wang et al. (2013) believed that the 
LMDI method is superior to other index decomposition analysis methods. In summary, 
the LMDI decomposition method has been recommended for a wider use than other 
various index decomposition methods (Ang, 2004).  
 
Pothen & Schymura (2015) utilised the LMDI method to assess changes in total material 
use at the country level, where the decomposition factors consisted of activity effect, 
structural change, and intensity effect. O’Mahony & Dufour (2015) highlighted the 
impact of factors such as affluence and energy intensity in tracking development paths 
for carbon-free energy sources using the LMDI decomposition method. In order to 
investigate variations in carbon emissions in the European cement industry, seven 
factors were obtained from an LMDI decomposition analysis, including activity effect, 
clinker trade effect, clinker share effect, fuel mix effect, electricity carbon emission 
factor effect, and thermal and electrical energy efficiency effect (Branger & Quirion, 
2015). Using LMDI analysis, Zhou et al. (2014) determined that carbon dioxide 
reduction has a positive role in relation to energy intensity and energy mix effects, but 
without structural effects, in China’s regional thermal electricity generation. Robaina-
Alves & Moutinho (2014) also employed the LMDI method to decompose energy-
related GHG emissions in agriculture for European countries. Moreover, the two 
significant component factors of technological innovation and structural adjustment 
were obtained from CP change using the LMDI method in Meng & Niu (2012). In this 
chapter, the LMDI method has been utilised to identify the factors influencing CP in the 
construction sector.  
 
4.2.2 Malmquist–Luenberger total factor productivity index 
TFP can hardly be measured accurately, mainly due to aggregate of inputs and outputs 
(Goodrum et al., 2002). The Malmquist productivity index is a popular measure of TFP, 
especially because it can be calculated by applying the non-parametric linear 
programming technique of DEA (Färe et al., 1994). Moreover, another popular reason is 
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the issue of that both outputs and inputs shall be in dollar amounts in TFP measurement 
(Nasir et al., 2014) is not a problem in the Malmquist productivity index which does not 
need price data (Sudit, 1995). Therefore, the Malmquist productivity index could be the 
best known method in productivity research (Epure et al., 2011). In construction, the 
Malmquist productivity index has been applied to measure the TFP of the Chinese 
construction industry (Xue et al., 2008) and the Australian construction industry (Li & 
Liu, 2010). These measurements allow authors to compute and compare efficiency and 
productivity scores easily. However, these TFP measurements merely estimate desirable 
outputs and they neglect undesirable outputs such as carbon emissions.  
 
Previous studies have shown that TFP measurement should include undesirable outputs. 
Färe et al. (2012) further pointed out that undesirable outputs should not only be 
included in productivity measurement, but should also be reduced in the estimation 
process. From this point of view, an integrated approach using a directional output 
distance function and the Malmquist productivity index, which is named as the 
Malmquist–Luenberger productivity index (Chung et al., 1997), serves as an appropriate 
approach to TFP estimation. This approach was introduced by Chung et al. (1997) and 
gained popularity as a measure of environmental efficiency and productivity. The 
Malmquist-Luenberger productivity index is an extension of the Malmquist productivity 
index, when a directional distance function is employed and the reduction of undesirable 
outputs are considered. The Malmquist–Luenberger productivity indices can readily 
investigate productivity dynamics and indicate productivity growth considering both an 
increase in desirable outputs and a decrease in undesirable outputs over time. 
Furthermore, the Malmquist-Luenberger productivity index can be decomposed 
systematically, therefore, which benefits us to identify the influencing factor of 
productivity change. Despite this, little literature that applies these approaches of the 
directional distance function and the Malmquist–Luenberger productivity index can be 
identified in the construction domain. 
 
Measuring the Malmquist–Luenberger productivity index is based on the DEA 
technique (Chung et al., 1997). Recently, DEA has been successfully applied in 
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construction to study productivities (Xue et al., 2008) and benchmarks (Lin & Huang, 
2009) for different activities and objects in various contexts. The contemporaneous 
benchmark technology of DEA, which is utilised to build a production technology set, is 
popularly applied in construction research. However, when measuring the Malmquist–
Luenberger productivity index, the contemporaneous benchmark technology cannot 
accurately illustrate the nature of the technology and can also lead to biased estimation 
results in some situations (Oh & Heshmati, 2010). As a result, according to the 
sequential benchmark technology of DEA (Tulkens & Vanden, 1995), Oh & Heshmati 
(2010) proposed using the sequential Malmquist–Luenberger productivity index to 
consider the progressive nature of technology. The sequential Malmquist–Luenberger 
productivity index is decomposed into an efficiency change component and a technical 
change component in conventional studies. Because of the significant function of the 
scale factor in construction, a scale efficiency change component is obtained for the 
sequential Malmquist–Luenberger productivity index in this chapter. 
 
Overall, in order to fill the TFP research gap and enhance levels of the DEA application 
and productivity research in construction, the sequential Malmquist–Luenberger 
productivity index is employed in this chapter on the basis of the directional output 
distance function in DEA in order to measure TFP including consideration of carbon 
reduction.  
 
4.3 Methodology 
4.3.1 Carbon productivity decomposition using the Log-Mean Divisia index 
CP is defined as the ratio between gross value added (Y) and total carbon emissions (C) 
(e.g. Meng & Niu, 2012), which is considered:  
      (4-1) 
 
In equation (4-1),  is the number of component or regional industrial 
sectors, and  and  are the gross value added and carbon emissions of the  sector. Due 
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to regional development and/or technological innovation, CP will vary with time. The 
change of CP along with time t is regarded as: 
   (4-2) 
 
In equation (4-2),  represents the variation of CP in each regional sector 
along with time, which refers to the result of technological innovation of each 
component.  demonstrates the change of a component’s carbon emissions in 
total carbon emissions along with time, which refers to the effect of regional adjustment. 
Thus, the change in CP is decomposed into the influencing factors technological 
innovation and regional adjustment. Accordingly, the relative change in  from time 
periods  to  is:  
 
                (4-3) 
 
The converting process for equation (4-3) is displayed in detail in Appendix 4-1. As the 
data available are discrete, the discrete version of equation (4-3) is needed (Ang & Choi, 
1997). The LMDI algorithm is employed as an arithmetic mean weight scheme in the 
calculating process. In order to illustrate the influence of  , the arithmetic mean 
weight is defined as , where 
. It is defined that 
, which is the limit of . Thus, equation (4-3) 
can also be written as follows: 
 
  
(4-4) 
Technological Innovation =    (4-5) 
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Regional Adjustment =    (4-6) 
 
In summary, the relative change in CP is the product of the influencing factors of 
technological innovation and regional adjustment. When the value of an influencing 
factor is greater than, equal to, or less than 1, CP has grown, stagnated, or declined from 
period  to period .  
 
4.3.2 Total factor productivity measurement and decompositions  
The methodology framework of TFP measurement and decompositions is shown in 
Figure 4-1. A sequential benchmark technology and a directional output distance 
function are introduced and then adopted in order to construct DEA models. Through 
calculating the results from the DEA models, the sequential benchmark distance 
functions are measured. Additionally, the reduction/growth rates of 
undesirable/desirable outputs can be obtained from the results of the provided DEA 
model. Finally, TFP changes are measured by employing the Malmquist–Luenberger 
index which is further decomposed into different components so as to identify various 
driving forces for TFP changes.  
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Figure 4-1 The methodology framework describing procedures to measure TFP changes 
 
Defining a directional output distance function in a sequential benchmark 
technology 
Assume inputs x = ( , , …, )  of each DMU can produce desirable outputs 
= ( , , …, )   and undesirable outputs = ( , , …, )   by a 
production technology set F, i.e. ( ) = {( , ),  can produce  and at time t = 
1, 2, … T}. N, M, W, and T are the numbers of the variables of inputs, desirable outputs, 
undesirable outputs, and time phases, respectively. All inputs, desirable outputs, and 
undesirable outputs are non-negative. In the sequential benchmark technology set (x), 
the directional output distance function for an output vector (y, b) is formally defined as: 
(x, y, b; , ) = sup {β: (y, b) + (β , β ) א }  (4-7) 
 
where g = ( , ) indicates a vector of direction in which outputs are scaled, and β 
represents a scaled proportion of outputs moving to the technology frontier of (x). g is 
determined according to different study purposes and policy demands. In (x, y, 0; y, 
0), the direction vector becomes g = (y, 0) in which undesirable outputs are neglected. In 
The sequential 
benchmark technology 
The directional output 
distance function 
Aiming to build DEA models 
DEA models with a reduction 
of undesirable outputs  
Aiming to measure TFP change  
The Malmquist–Luenberger 
productivity change index 
Technological change 
Aiming to investigate driving 
forces for TFP change  
Efficiency change 
Scale efficiency change Pure technical efficiency change 
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(x, y, b; y, 0), the direction vector is g = (y, 0) and undesirable outputs are kept in the 
current quantity while desirable outputs are maximised. In (x, y, b; y, b), the direction 
vector becomes g = (y, b) in which both desirable and undesirable outputs are increased 
at the same rate. However, an optimum production condition is to expand desirable 
outputs and reduce undesirable outputs simultaneously in considering sustainable 
development. In this chapter, the objective of improving TFP specifically consists of two 
important themes: increasing desirable outputs and decreasing carbon emissions. This 
assumption is popularly utilised in productivity research when considering undesirable 
outputs (Manello, 2012). In this case, the directional vector turns into g = (y, –b) and the 
directional output distance function is (x, y, b; y, –b). 
Figure 4-2 illustrates different directional vectors in an output set . The horizontal 
and vertical axes represent an undesirable output b and a desirable output y, respectively. 
B, C, and D are located on the frontier of the set. The output vector ( , ) is placed in 
F(x) at A. Following the direction of = (y, 0), point A moves to point D, in which the 
desirable output increases ( ) and the undesirable output remains unchanged. 
Using the direction of = (y, b), point A moves to point B, which is an efficient point 
on the frontier where all outputs increase at the rate of OB/OA. Using the direction of 
= (y, –b), point A moves to point C which is an efficient and benchmark point for A. 
Here, the undesirable output reduces by ( ) and the desirable output increases by 
( ). In this chapter, the directional scaled proportion β for point A is a positive 
value. If a measurement subject were in point C, the directional proportion β would be 
zero under given the direction vector (y, –b), as point C is on the frontier of the set.  
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Figure 4-2 A diagrammatic sketch of directional output distance functions 
 
Productivity measurement and its decompositions 
Based on the sequential benchmark technology and the directional output distance 
function, the sequential Malmquist–Luenberger productivity index is applied to measure 
productivity changes. The output-oriented sequential Malmquist–Luenberger 
productivity change index (SMLPCI) between time t and time t+1 is defined as: 
 =  (4-8) 
 
To calculate the SMLPCI, four sequential directional distance functions need to be 
measured.  (abbreviation: ) and  
(abbreviation: represent ( ) observed at periods t and t+1 respectively 
by the directional vector g = ( ).  (abbreviation: 
) and  (abbreviation: ) 
represents ( ) observed at periods t and t+1 respectively by the directional 
vector g = ( ). ( ) may lie outside the set of , which 
means that  is not feasible. This is due to the fact that technological progress 
has occurred for ( ) (Färe et al., 2006). In other words, it is possible to 
produce more desirable outputs with fewer undesirable outputs for the technology in 
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period t (Chung et al., 1997). In that case, the SMLPCI cannot be defined and the actual 
value of  is . 
 
The four sequential directional distance functions are calculated by a DEA-type linear 
programming approach. Consider a  (j = 1, …, J) with the vector ( , , ) at 
period * = 1, …, T and an observation  with the vector ( , , ) at period t. J 
is the number of DMUs in a time period. ,   represent the n-th input, m-th 
desirable output, and w-th undesirable output for the jth DMU at period *, respectively. 
The sequential directional distance function  is measured by solving the following 
model: 
 =     (4-9) 
s.t.  
 ≤     (I) 
     (II) 
 =    (III) 
 and  
 
Here, β means the proportion of the desirable outputs that can be expanded and the 
undesirable outputs that can be reduced relative to the benchmarks on the frontier of 
, for given inputs.  which is the intensity factor of each DMU is utilised to 
structure the frontier of the sequential production technology set, which is from the 
beginning period to period t. The explanations for all constraints in Model (4-9) are 
provided in Table 4-1. The inequality constraints of (I) and (II) respectively state that the 
observation  should use fewer inputs and produce more desirable outputs 
compared with its benchmark, in which the variables of the inputs and the desirable 
outputs are freely disposable. The equivalent constraint in (III) demonstrates the 
requirement of the undesirable outputs to be maintained at a constant level, where the 
variables of the undesirable outputs are weakly disposable (Färe et al., 1989). This strict 
equality constraint illustrates that the reduction of the undesirable outputs needs other 
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expenses, or negatively influences production efficiency, or reduces the desirable 
outputs. Therefore, is also equal to the decreasing ratio of the undesirable outputs for 
the observation of  at period t.  and  
are considered the optimal values of the desirable outputs and the undesirable outputs for 
the ith observation.  
 
Table 4-1 Explanations for all constraints 
Constraint Features Meaning 
Input Freely disposable;  Inequality constraints 
The inputs of  must not be utilised more than 
its benchmark values. 
Desirable 
output 
Freely disposable;  
Inequality constraints 
The desirable outputs of  must not be 
produced fewer than its benchmark values. 
Undesirable 
output 
Weakly disposable;  
Equality constraints 
The undesirable outputs of  must be reduced 
to its benchmark values but cannot be strongly 
decomposable. 
 
The other sequential directional output distance functions: ,  and 
, are also computed by following Model (4-9), in which the period t is 
respectively replaced by the period t+1 on the left side, on the right side, or on both sides. 
All of the models are based on the assumption of CRS. As the research presented in this 
chapter also aims to identify scale performance for the resulting productivity change, the 
sequential directional output distance functions need be measured under the condition of 
VRS. VRS can indicate a change in inputs resulting in a disproportionate change in 
outputs (Ebrahimi & Salehi, 2014). The constraint condition  = 1 has to be 
added to Model (4-9) of  when calculating  in DEA.  
 
Furthermore, the SMLPCI is decomposed into an efficiency change component and a 
technological change index (TCI) in current studies. The efficiency change is further 
decomposed into a pure technical efficiency change index (PTECI) and a scale 
efficiency change index (SECI). The decomposition process is illustrated in Appendix 4-
2 in detail. 
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 =   (4-10) 
 =                                                (4-11) 
 =                     (4-12) 
 =               (4-13) 
 
The sindicators , ,  and  are separately 
calculated to measure productivity change, pure technical efficiency change, scale 
efficiency change, and technological change between the adjacent time t and time t+1. If 
the result of an indicator is greater than unity, change has increased between time t and 
time t+1. Similarly, if the result is equal to or less than unity, the change is stagnation or 
decline, respectively.  
 
TCI, PTECI and SECI are three different aspects in influencing TFP changes. Firstly, 
TCI relates to the external shift of empirical production frontier (Xue et al., 2008), and 
deals with macro factors in productivity changes. Technological progress can be 
achieved by introducing advanced equipment and techniques, applying new technologies, 
and improving production methods, theories and process flows. Secondly, PTECI 
embodies organizational capacity change using internal resources and is a micro 
conception (Li & Liu, 2010). Pure technical efficiency can be influenced by operational 
strategies, schedule and policies, and management ability, such as avoiding poor 
decisions, faulty management, waste of labour, materials and capital input, and 
unreasonable use of plant, tools and technologies. Finally, SECI links to the impacts of 
scale economics. The scale factors can be outlined by two groups: internal factors such 
as business capital and production capacity, and external factors including infrastructure 
investment and production demands. 
 
76 
 
4.4 Results and discussion of carbon productivity and total factor 
productivity 
4.4.1 Carbon productivity trends and decomposition factors 
In this chapter, CP is defined as the ratio between gross value added and -e 
emissions. The trends for CP in the Australian construction industry from 1990 to 2013 
are provided in Figure 4-3. It can be noted that CP in all regions demonstrated an 
increasing trend from 1990 to 2002, and an evident increase from 2003 to 2012. The 
construction industry in the ACT showed the highest values over the whole research 
period; in the ACT, the average value of CP is 28.58 AU$/Kg. WA and the NT followed 
the ACT and demonstrate steady increases and better average scores than others. 
Compared with the three regions, CP across the whole Australian construction industry 
and in SA, Vic., NSW, and Qld demonstrated lower scores, which indicate slower 
growth. Tas. showed the lowest scores and the slowest growth over the whole research 
period; in Tas., the average value of CP is 4.60 AU$/Kg. Furthermore, comparing to the 
values of CP between the ACT and other regions, CP across the whole construction 
industry could be significantly improved over the entire study period. 
 
 
Figure 4-3 Trends of carbon productivity change in the Australian construction industry 
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The results in relation to technological innovation in influencing CP for the Australian 
construction industry are displayed in Table 4-2. In terms of the average results, all 
regions show a slight increase, which indicates that technological innovation plays a 
positive role in CP across the whole construction industry. WA and Qld achieved the 
greatest enhancement, with average ratios of 1.52% and 1.40% respectively from 1990 
to 2013, and both showed a rapid improvement in 2002–12. NSW and Vic. demonstrate 
the yearly average results of 1.11% and 0.88% respectively over the whole study period, 
which could be caused by sustained progress during 2001 to 2010. The other 
construction industries, including SA, the NT, the ACT, and Tas., showed gradual 
development with mean values of 0.26%, 0.22%, 0.16%, and 0.05% respectively. 
Furthermore, all regional construction industries increased over 1995–1996, 2002–05, 
2008–09 and 2011-12 simultaneously. Across the whole construction industry, the 
growth peak was reached in 2001–04, which could be caused by improvement in 
housing demand (ABS, 2007). The two lowest points were 1991–92 and 2000–01, when 
CP values for all the construction industries decreased simultaneously, which could be 
attributed to the early 1990s recession, and the introduction of the Goods and Services 
Tax (ABS, 2007).  
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Table 4-2 The technological innovation factor in carbon productivity changes 
NSW Vic. Qld SA WA Tas. NT ACT AU 
1990–91 1.0332 1.0040 0.9984 1.0093 0.9967 1.0017 1.0036 1.0010 1.0485 
1991–92 0.9594 0.9502 0.9989 0.9849 0.9971 1.0024 0.9978 1.0012 0.8954 
1992–93 0.9876 0.9992 1.0129 0.9951 1.0096 0.9991 0.9984 1.0008 1.0025 
1993–94 1.0271 1.0061 1.0075 1.0038 1.0138 0.9997 1.0027 0.9997 1.0617 
1994–95 1.0335 1.0155 1.0116 1.0047 1.0010 1.0023 1.0014 0.9999 1.0716 
1995–96 1.0144 1.0072 1.0060 1.0019 1.0055 1.0005 1.0003 1.0009 1.0373 
1996–97 1.0163 1.0074 1.0165 1.0021 1.0083 1.0010 0.9993 1.0013 1.0532 
1997–98 1.0079 1.0153 1.0015 1.0027 1.0027 0.9963 1.0004 0.9966 1.0235 
1998–99 1.0046 1.0166 1.0069 0.9954 0.9971 0.9990 1.0048 1.0033 1.0280 
1999–00 1.0541 1.0161 1.0249 1.0069 1.0134 0.9986 1.0003 1.0005 1.1193 
2000–01 0.9251 0.9730 0.9761 0.9955 1.0115 0.9994 1.0029 1.0010 0.8877 
2001–02 1.0605 1.0492 1.0335 1.0117 0.9982 1.0014 1.0000 1.0005 1.1636 
2002–03 1.0403 1.0350 1.0272 1.0016 1.0075 1.0000 1.0040 1.0059 1.1273 
2003–04 1.0338 1.0164 1.0242 1.0145 1.0266 1.0022 1.0089 1.0013 1.1348 
2004–05 1.0255 1.0227 1.0247 1.0071 1.0147 1.0028 1.0074 1.0029 1.1126 
2005–06 0.9932 1.0226 1.0309 0.9997 1.0295 1.0100 0.9991 1.0074 1.0954 
2006–07 0.9909 1.0124 1.0290 1.0063 1.0490 0.9935 0.9998 0.9994 1.0817 
2007–08 1.0183 1.0071 1.0194 1.0021 1.0189 0.9996 1.0055 1.0049 1.0781 
2008–09 1.0236 1.0085 1.0271 1.0029 1.0333 1.0015 1.0008 1.0013 1.1026 
2009–10 1.0100 1.0197 1.0047 1.0082 1.0208 1.0028 0.9978 1.0029 1.0687 
2010–11 0.9865 0.9849 1.0229 1.0039 1.0422 0.9995 1.0003 1.0027 1.0425 
2011–12 1.0038 1.0016 1.0129 1.0011 1.0491 1.0002 1.0061 1.0033 1.0799 
2012-13 1.0048 1.0120 1.0051 0.9989 1.0034 0.9980 1.0095 0.9985 1.0304 
Mean 1.0111 1.0088 1.0140 1.0026 1.0152 1.0005 1.0022 1.0016 1.0585 
 
Table 4-3 describes the results of the regional adjustment factor in influencing CP 
change in the Australian construction industry during 1990–2013. From both average 
values and each year’s score in the study period in all construction industries, the 
regional adjustment factor demonstrates a steady result that is nearly equal to 1. WA had 
the best average value, mainly in 2005–06 when the increasing ratio was 1.50%. 
However, Tas. and Qld showed the lowest value of 0.78% in 2005–06, which leaded to 
the worst average value across the whole industry. Other industries showed similar and 
stable values from 1990 to 2013. Furthermore, no uniform diversification of the 
Australian construction industry developed simultaneously over each period for all 
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districts. In summary, there is no evident adjustment of structure, and thus it plays a very 
limited role in CP change. 
 
Table 4-3 The regional adjustment factor in carbon productivity changes 
NSW Vic. Qld SA WA Tas. NT ACT AU 
1990–91 1.0004 1.0001 0.9996 1.0003 1.0001 0.9999 0.9996 1.0005 1.0006 
1991–92 1.0001 0.9996 1.0007 0.9998 0.9999 0.9999 0.9999 1.0003 1.0000 
1992–93 1.0018 0.9994 0.9997 0.9998 0.9997 1.0000 0.9998 1.0005 1.0008 
1993–94 1.0020 0.9988 1.0000 0.9992 1.0010 0.9999 0.9998 1.0004 1.0010 
1994–95 1.0029 0.9987 0.9993 0.9993 1.0011 0.9998 0.9998 1.0004 1.0014 
1995–96 1.0019 0.9991 0.9998 0.9994 1.0006 0.9998 0.9999 1.0002 1.0008 
1996–97 1.0016 1.0001 0.9989 0.9999 1.0006 0.9998 0.9998 1.0001 1.0007 
1997–98 1.0004 1.0021 0.9985 1.0001 1.0000 0.9995 0.9997 1.0001 1.0004 
1998–99 1.0050 1.0010 0.9976 0.9999 0.9997 0.9997 0.9996 0.9982 1.0007 
1999–00 1.0003 1.0001 1.0000 0.9995 0.9994 0.9998 0.9997 1.0031 1.0019 
2000–01 1.0025 1.0012 1.0004 0.9992 0.9995 0.9999 0.9997 0.9961 0.9983 
2001–02 0.9979 1.0015 1.0019 0.9995 0.9986 0.9999 0.9995 1.0008 0.9997 
2002–03 0.9989 1.0013 0.9998 1.0002 1.0001 1.0000 0.9997 0.9991 0.9992 
2003–04 0.9895 0.9999 1.0031 0.9991 1.0026 1.0020 0.9985 1.0010 0.9957 
2004–05 0.9938 0.9976 1.0037 1.0017 1.0014 1.0010 0.9993 0.9968 0.9953 
2005–06 1.0166 0.9939 0.9922 0.9992 1.0150 0.9922 0.9991 1.0017 1.0097 
2006–07 0.9969 0.9953 0.9969 0.9989 1.0001 1.0087 0.9991 1.0006 0.9964 
2007–08 1.0000 0.9979 1.0030 1.0001 0.9987 1.0001 1.0005 0.9982 0.9986 
2008–09 1.0002 1.0013 0.9965 0.9997 1.0049 0.9996 0.9994 1.0005 1.0021 
2009–10 1.0045 1.0005 0.9967 1.0005 0.9959 0.9997 0.9997 1.0015 0.9990 
2010–11 1.0008 1.0034 0.9973 0.9996 0.9982 0.9996 0.9995 1.0010 0.9994 
2011–12 0.9980 1.0031 1.0022 0.9995 0.9956 0.9996 1.0000 1.0000 0.9979 
2012-13 0.9983 0.9970 1.0053 0.9994 1.0046 1.0000 0.9988 1.0004 1.0037 
Mean 1.0006 0.9997 0.9997 0.9997 1.0007 1.0000 0.9996 1.0001 1.0001 
 
4.4.2 Total factor productivity of the Australian Construction Industry 
The PTECI for the Australian construction industry are shown in Table 4-4. The NT 
achieves the best score in terms of improving PTECI in the whole industry. The NT also 
demonstrated strong fluctuations over the entire research years, such as during 1995-99 
due to the drastic changes of the construction market size. Qld attains the second highest 
score of all states/territories. In Qld, many efficient and valuable measures were 
implemented in order to promote environmental construction, especially in 1995–96. 
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The construction industry in NSW illustrated a stable trend and only decreased in 2000–
01 and increased in 2001-02. From average values, the construction industries of WA 
and the ACT following NSW showed only slight change in the research period. On the 
other hand, the construction industries in Tas., SA and Vic. declined in average values in 
the research period, with the decreasing values of 1.24%, 0.93% and 0.38%, respectively. 
Additionally, it should be noted that many regions indicated unchanged values with 
1.0000 in many study periods. The unchanged scores in these calculations do not mean 
that there have been no changes in pure technical efficiency in practice, such as in 1999–
2013 in the ACT; in fact pure technical efficiency in the ACT improved constantly and 
always was the best values in the whole construction industry, which kept the ACT on 
the frontier of the production technology set from 1999 to 2013. 
Table 4-4 The pure technical efficiency change in total factor productivity 
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.0000 1.0000 1.0000 1.0000 1.0000 0.9786 1.0000 1.0000 
1991–92 1.0000 1.0000 1.0000 0.9726 1.0000 1.0350 1.0000 1.0000 
1992–93 1.0000 1.0000 0.9489 0.9218 0.9996 0.9768 1.0000 1.0000 
1993–94 1.0000 1.0000 0.9290 1.0521 1.0004 0.9934 1.0000 1.0000 
1994–95 1.0000 0.9996 0.9485 1.0602 1.0000 1.1292 0.9432 1.0000 
1995–96 1.0000 1.0004 1.1959 1.0000 0.9998 0.9364 0.8840 1.0000 
1996–97 1.0000 1.0000 1.0000 1.0000 0.9677 1.0742 1.1545 1.0000 
1997–98 1.0000 0.9846 1.0000 1.0000 1.0327 0.9246 0.8513 0.9653 
1998–99 1.0000 1.0156 0.9735 0.9568 1.0008 0.9307 1.2203 1.0360 
1999–00 1.0000 0.9884 1.0273 0.9208 1.0000 0.8698 1.0000 1.0000 
2000–01 0.9349 0.8257 0.9014 0.9227 1.0000 0.9502 1.0000 1.0000 
2001–02 1.0696 1.1151 1.1093 1.0543 0.9793 0.9136 1.0000 1.0000 
2002–03 1.0000 1.0617 1.0000 0.9388 1.0211 0.9910 1.0000 1.0000 
2003–04 1.0000 1.0207 1.0000 1.1157 1.0000 0.9860 1.0000 1.0000 
2004–05 1.0000 1.0141 1.0000 1.0356 1.0000 1.0967 1.0000 1.0000 
2005–06 1.0000 0.9437 0.9274 0.9571 1.0000 0.9782 0.9727 1.0000 
2006–07 1.0000 1.0311 1.0402 1.0330 1.0000 1.0667 1.0280 1.0000 
2007–08 1.0000 0.9658 1.0366 0.9938 1.0000 0.9482 1.0000 1.0000 
2008–09 1.0000 0.9760 0.9718 0.9029 1.0000 0.9482 0.9872 1.0000 
2009–10 1.0000 1.0159 0.9565 0.9809 1.0000 1.0791 0.8618 1.0000 
2010–11 1.0000 0.8177 1.0367 0.9992 1.0000 0.9619 1.0459 1.0000 
2011–12 1.0000 1.0478 1.0377 1.0304 1.0000 1.0396 1.0111 1.0000 
2012-13 1.0000 1.0884 1.0000 0.9365 1.0000 0.9073 1.1115 1.0000 
Mean 1.0002 0.9962 1.0018 0.9907 1.0001 0.9876 1.0031 1.0001 
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Table 4-5 illustrates the SECI for the Australian construction industry. According to the 
trends in SECI, these eight states/territories can be divided into three groups. The first 
group includes WA, the NT and Tas., which achieved limited improvement in terms of 
the average ratio of increase in SECI in the research period. The second group comprises 
just the ACT construction industry, in which the average SECI is not obvious. In the 
ACT, SECI remained unchanged except in 1997–1999 and 2006–08. The third group 
consists of NSW, Qld, Vic. and SA, where their scale efficiencies decreased obviously, 
caused by abrupt declines, for instance, in NSW in 1990–93 and 2000–09. Furthermore, 
an interesting phenomenon is that there has been no uniform change for all 
states/territories in any one period. Overall, scale efficiency plays a limited and diverse 
role in productivity growth in the Australian construction industry. 
Table 4-5 The scale efficiency change in total factor productivity 
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 0.9959 1.0137 0.9580 0.9925 0.9811 1.0014 1.0000 1.0000 
1991–92 0.9763 0.9444 0.9929 0.9756 1.0028 0.9950 0.9576 1.0000 
1992–93 0.9603 0.9840 1.0297 1.0138 0.9929 0.9977 0.9290 1.0000 
1993–94 1.0375 0.9782 1.0422 0.9791 0.9830 0.9972 1.1241 1.0000 
1994–95 1.0214 1.0134 1.0336 1.0112 1.0272 0.9920 0.9933 1.0000 
1995–96 0.9118 0.9234 0.8159 1.0436 0.8665 1.0180 0.9988 1.0000 
1996–97 1.0002 0.9766 1.0018 0.9687 1.0549 0.9967 1.0007 1.0000 
1997–98 1.0093 0.9878 0.9870 0.9081 0.9271 1.0063 1.0026 0.9659 
1998–99 0.9980 0.9823 1.0166 1.0389 0.9649 1.0030 0.8810 1.0353 
1999–00 1.0481 1.0267 0.9915 0.9757 1.0371 1.0101 1.1176 1.0000 
2000–01 0.9689 1.1513 1.0641 1.0335 1.0940 0.9459 1.0204 1.0000 
2001–02 0.9903 0.9480 0.9510 0.9745 0.9477 1.0588 1.0000 1.0000 
2002–03 0.9620 0.9048 0.9783 0.9806 0.8912 0.9840 0.9892 1.0000 
2003–04 0.9949 0.9831 0.9763 0.9389 1.0485 1.0154 1.0110 1.0000 
2004–05 0.9807 0.9744 0.9930 0.9802 1.0108 0.9553 1.0000 1.0000 
2005–06 0.9147 1.0005 1.0306 1.0118 0.9647 1.0413 0.9786 1.0000 
2006–07 0.9957 0.9853 0.9920 0.9747 1.1620 0.9479 0.9992 0.9969 
2007–08 1.0001 1.0009 0.9444 0.9981 0.9691 1.0251 1.0227 1.0031 
2008–09 0.9864 1.0230 1.0456 1.0090 1.0218 1.0138 0.9995 1.0000 
2009–10 1.0065 0.9818 1.0228 1.0266 0.9814 0.9877 0.9978 1.0000 
2010–11 0.9442 1.1801 0.9665 1.0143 1.1400 1.0099 0.9950 1.0000 
2011–12 0.9726 0.9374 0.9525 0.9825 1.0904 1.0024 1.0076 1.0000 
2012-13 1.0043 0.9304 1.0051 1.0130 0.9698 1.0163 1.0001 1.0000 
Mean 0.9861 0.9927 0.9909 0.9933 1.0056 1.0009 1.0011 1.0001 
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Table 4-6 The technological change in total factor productivity 
Year NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.0209 1.0210 1.0493 1.0354 1.0419 1.0416 na na 
1991–92 1.0049 1.0025 1.0023 1.0019 1.0017 1.0015 1.0000 na 
1992–93 1.0271 1.0125 1.0155 1.0104 1.0111 1.0101 1.0006 na 
1993–94 1.0208 1.0111 1.0151 1.0090 1.0124 1.0080 na na 
1994–95 1.0124 1.0076 1.0105 1.0043 1.0080 1.0032 1.0000 na 
1995–96 1.1132 1.1042 1.0988 1.0316 1.1097 1.0292 1.0467 na 
1996–97 1.0179 1.0088 1.0096 1.0023 1.0096 1.0024 1.0000 na 
1997–98 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 
1998–99 1.0064 1.0168 1.0162 1.0000 1.0634 1.0000 na na 
1999–00 1.0092 1.0074 1.0064 1.0000 1.0118 1.0000 1.0101 na 
2000–01 1.0160 1.0112 1.0103 1.0706 1.0646 1.1052 na na 
2001–02 1.0077 1.0087 1.0023 1.0004 1.0012 1.0024 na na 
2002–03 1.0552 1.0822 1.0329 1.0370 1.0571 1.0300 na na 
2003–04 1.0295 1.0166 1.0444 1.0438 1.0551 1.0349 na na 
2004–05 1.0476 1.0409 1.0280 1.0000 1.0123 1.0000 na na 
2005–06 1.0831 1.0871 1.0697 1.0194 1.0939 1.0478 1.0115 na 
2006–07 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 
2007–08 1.0068 1.0240 1.0429 1.0061 1.0597 1.0048 na na 
2008–09 1.0000 1.0112 1.0124 1.0053 1.0759 1.0000 1.0066 na 
2009–10 1.0003 1.0250 1.0274 1.0229 1.0848 1.0000 1.0164 na 
2010–11 1.0041 1.0119 1.0221 1.0076 1.0074 1.0000 1.0000 na 
2011–12 1.0348 1.0198 1.0250 1.0364 na 1.0255 1.0697 na 
2012-13 1.0000 1.0000 1.0000 1.0000 na 1.0125 na na 
Mean 1.0225 1.0231 1.0235 1.0150 na 1.0156 na na 
 
Table 4-6 displays the TCI for the Australian construction industry. Due to the 
sequential benchmark technology, all the TCI scores of the DMUs are equal to or greater 
than unity. If a score is equal to unity, then the DMU has not improved construction 
technologies. For example, in 1997–98 and 2006–07, the whole construction industry 
did not improve construction technologies. If a score is greater than unity, then the DMU 
has achieved technological progress. However, some technological progress cannot be 
calculated, such as in the NT, the ACT and WA, which is due to the fact that 
technologies in these DMUs have evidently improved and so cannot be calculated from 
the previous technology set. In other words, these DMUs in those phases push their 
construction technology frontiers outwards. Except for the three regions, Qld achieves 
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the highest technical advancement, followed by Vic. and NSW. The construction 
industries in Tas. and SA also attain gradual improvement in terms of TC. Overall, TCI 
in the Australian construction industry increases obviously.  
 
The SMLPCI for the Australian construction industry are shown in Table 4-7. Three 
significant points need to be discussed. Firstly, there are no results for the SMLPCI in 
the ACT within many research phases and in the NT and WA within some phases, due 
to the fact that remarkable technological progress has occurred in these phases in these 
regions. Secondly, the productivity of the whole construction industry distinctly 
improves from observing the average values, except for SA. Productivity declinations in 
SA illustrated in many research years. Productivity growth in other districts primarily 
resulted from gradual improvement over a long time, for example, in Qld in 2001–2013. 
Thirdly, the productivity of all districts climbed in 1990–91 and 2003–05, 
simultaneously. Actually, significant productivity growth of the Australian construction 
industry can be concluded from many previous studies (e.g. Li & Liu, 2010). When 
considering carbon emissions in productivity research, the research results are more 
precise and complete so as to beneficial for construction sustainably. 
 
4.5 Temporal-spatial comparisons of carbon productivity and total factor 
productivity indices 
From the viewpoint of simultaneous carbon reduction and construction growth, it can 
conclude that CP and TFP in the whole construction industry are improved, except for 
TFP in SA. As the CP in SA improves with the slowest increase rate in comparison with 
other regions, the TFP in SA relatively decreases in the DEA method in which the 
calculated results are relative values. 
 
Observing from the decomposition indicators in CP change, it can be seen that 
technological innovation plays a positive role in promoting CP development, while 
regional adjustment plays a very limited role in affecting CP changes. In the 
construction industry, technological innovation can be promoted by many pathways, 
such as introducing new equipment and tools, using advanced plant and tools, or 
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enhancing management ability. Technological growth can increase effective output and 
decrease input resources, which can result in reducing CO2-e emissions. Regional 
adjustment can be observed in two significant effects in the construction industry. First, 
construction scale diversities would be changed among regions, as a result of various 
economic development conditions. Second, types of construction projects would be 
changed, such as non-building construction and building construction. Quantifying the 
regional adjustment effects is a useful method for environmental performance 
assessment in industry, since they can be affected by government measures including 
taxes, regulatory standards, financial incentives, and information programs (Liu & Ang 
2007). Compared to the macro factor of regional adjustment, technological innovation is 
a practical measure related to the CP changes.  
Table 4-7 The sequential Malmquist–Luenberger index of total factor productivity  
ear NSW Vic. Qld SA WA Tas. NT ACT 
1990–91 1.0167 1.0349 1.0052 1.0276 1.0222 1.0207 na na 
1991–92 0.9811 0.9468 0.9951 0.9507 1.0046 1.0315 0.9576 na 
1992–93 0.9863 0.9964 0.9922 0.9443 1.0035 0.9844 0.9295 na 
1993–94 1.0590 0.9891 0.9829 1.0394 0.9956 0.9986 na na 
1994–95 1.0340 1.0207 0.9907 1.0767 1.0355 1.1238 0.9369 na 
1995–96 1.0151 1.0199 1.0721 1.0766 0.9614 0.9810 0.9242 na 
1996–97 1.0181 0.9852 1.0114 0.9709 1.0306 1.0732 1.1552 na 
1997–98 1.0093 0.9726 0.9870 0.9081 0.9575 0.9304 0.8534 0.9324 
1998–99 1.0044 1.0144 1.0056 0.9939 1.0268 0.9335 na na 
1999–00 1.0577 1.0223 1.0250 0.8984 1.0493 0.8786 1.1289 na 
2000–01 0.9204 0.9613 0.9691 1.0210 1.1647 0.9934 na na 
2001–02 1.0674 1.0663 1.0573 1.0279 0.9292 0.9697 na na 
2002–03 1.0151 1.0395 1.0106 0.9546 0.9620 1.0044 na na 
2003–04 1.0242 1.0201 1.0197 1.0935 1.1063 1.0360 na na 
2004–05 1.0273 1.0285 1.0208 1.0150 1.0232 1.0477 na na 
2005–06 0.9907 1.0264 1.0224 0.9871 1.0553 1.0673 0.9629 na 
2006–07 0.9957 1.0159 1.0319 1.0068 1.1620 1.0112 1.0271 0.9969 
2007–08 1.0069 0.9898 1.0210 0.9980 1.0269 0.9767 na na 
2008–09 0.9864 1.0097 1.0287 0.9159 1.0993 0.9613 0.9932 na 
2009–10 1.0068 1.0223 1.0051 1.0301 1.0646 1.0658 0.8741 na 
2010–11 0.9480 0.9765 1.0241 1.0213 1.1484 0.9715 1.0407 na 
2011–12 1.0064 1.0017 1.0131 1.0492 na 1.0686 1.0898 na 
2012-13 1.0043 1.0127 1.0051 0.9486 na 0.9335 na na 
Mean 1.0079 1.0075 1.0129 0.9981 na 1.0027 na na 
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The average results of SMLPCI and the three contributing components are abstracted as 
shown in Table 4-8 so as to reveal the driving forces for SMLPCI growth. SMLPCI in 
the Australian construction industry clearly improved in the research period, the main 
contributor to which is technological progress. However, productivity improvement are 
hindered by scale efficiency changes in NSW, Vic., Qld, and SA, as well as by pure 
technical efficiency changes in Vic., Tas. and SA, respectively. The factors of inputted 
scale and production activity could not lead to the productivity improvement in the 
Australian construction industry due to the labour-intensive practice and lacking 
standard production methods (Li & Liu, 2010). The scale effect of the construction 
industry can be represented by two groups: internal scale capacities (for example, 
business capital and staff size), and external scale factors (for instance, residential 
housing demand and public project investment). An adequate construction market and 
suitable enterprise-scale system are significant factors in the improvement of 
productivity in the construction industry. PTECI also leads to slight improvement across 
the whole industry. Pure technical efficiency demonstrates the capacity of microcosmic 
behavior in construction organizations to achieve effective outputs, as well as avoiding 
the waste of resources. Poor decisions and faulty management generally lead to 
inefficient allocation of resources, a loss of construction productivity, and increased 
-e emissions. Shan et al. (2011) believed that the implementation of correct 
management programs can enhance mechanical productivity, including pre-project 
planning, team building, automation and integration of information systems and safety. 
Pure technical efficiency can also be affected by the abilities of skilled workers and 
construction techniques. Overall, although the productivity of the whole industry is 
enhanced by technological progress, the industry needs to reinforce scale efficiency and 
pure technical efficiency. 
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Table 4-8 Driving forces for the total factor productivity changes: 1990-2013 
 NSW Vic. Qld SA WA Tas. NT ACT Mean 
PTECI 1.0002 0.9962 1.0018 0.9907 1.0001 0.9876 1.0031 1.0001 0.9975 
SECI 0.9861 0.9927 0.9909 0.9933 1.0056 1.0009 1.0011 1.0001 0.9963 
TCI 1.0225 1.0231 1.0235 1.0150 na 1.0156 na na na 
SMLPCI 1.0079 1.0075 1.0129 0.9981 na 1.0027 na na na 
 
Regardless from CP and TFP, the ACT, the NT and WA which indicated the best 
productivity performance in the research phases, can be considered as benchmarks for 
construction growth and carbon reduction in the Australian construction industry. In 
each period, the construction industry of the ACT has released the least -e but is 
ranked sixth in terms of gross value added in the whole industry. For instance, in 2012 
the percentage of -e emissions of the ACT’s construction industry was 0.92% in the 
whole industry, but the percentage of gross value added was 3.10%. The situation of the 
NT is similar to that of the ACT. However, the ACT and the NT are small construction 
markets compared with the other construction industries. WA is considered as a 
benchmark for large construction markets in the whole industry. Therefore, the learning 
of techniques from the ACT and the NT for small construction industries and from WA 
for large construction industries is a significant and effective pathway to improving 
environmental productivity in Australia. 
 
4.6 Comparisons between CRS and VRS in construction growth and carbon 
reduction 
The optimal reduction ratios of simultaneous construction growth and carbon reduction 
could assist policymakers to formulate development strategies for the Australian 
construction industry. Their values under CRS and VRS in the TFP measurement, which 
are the results of  in the Section 4.3.2, are displayed along the vertical axis in Figure 4-
4. To illustrate, this chapter discusses the results of carbon reduction in detail. According 
to the reduction amounts, the Australian construction industries fall into three groups. 
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The first group includes the ACT and the NT, where their optimal reduction ratios are 
small under both CRS and VRS. In other words, there has been no reduction in -e 
emissions for the ACT and the NT, even though the NT needs to consider environmental 
construction sometimes. 
 
The second group consists of NSW, WA, and Qld, in which there have been no or small 
reduction ratios under VRS, but there have been large reduction scales under CRS. For 
instance, NSW and Qld could reduce -e emissions by almost 60% under CRS but by 
almost nil under VRS. This is because NSW, WA, and Qld have large-scale construction 
industries. Under VRS, they have shown good environmental performance and 
displayed little reduction space. However, under CRS, they have released too much 
-e compared with the ACT and the NT which both have small-scale construction 
industries in Australia. Therefore, if NSW, WA, and Qld had developed scale merit 
during 1990-2013, their -e emissions could clearly have been reduced in the 
research period.  
 
The third group includes Vic., Tas., and SA, which could abate large ratios of -e 
emissions under both CRS and VRS. For instance, in Tas., the optimal reduction ratio of 
-e emissions was nearly 70% under both CRS and VRS in the research phases, 
respectively. Therefore, these three industries not only need to develop scale merit, but 
they also need to devote themselves to improving pure technical efficiency and 
introducing suitable technologies. In addition, there is no decreasing trend in the three 
regions from evaluation of all trends of reduction ratios over time. Therefore, this is a 
challenge for -e reductions in the three construction industries. 
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Note: The vertical axis is the optimal ratios of carbon reduction and construction growth. 
Figure 4-4 The optimal ratios of carbon reduction and construction growth under CRS 
and VRS 
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According to Model (4-9), the reduction rates of undesirable outputs are equal to the 
growth rates of desirable outputs. Therefore, similar to the above discussion, the growth 
ability of value added can be investigated for the Australian construction industry from 
1990 to 2013 based on Figure 4-4. The ACT and the NT illustrate limited growth space. 
Followed them, WA shows very few potentials in CRS and a declining trend in VRS for 
value added growth. Overall, although the whole industry has shown a steady increase of 
value added in practice during the entire research period, some industries have 
demonstrated the huge potentials of further increasing value added.  
 
4.7 Concluding remarks 
This chapter has systematically examined the performance of CP and TFP for the 
Australian construction industry under the objectives of both construction growth and 
carbon reduction. CP has been measured and then decomposed using a decomposition 
method with the LMDI to explore the factors influencing CP change, including 
technological innovation and regional adjustment. TFP has been assessed using the 
sequential Malmquist–Luenberger productivity analysis based on a directional distance 
function and a sequential benchmark technology in DEA. To further investigate and 
explain the driving forces for TFP change, the research has identified changes in pure 
technical efficiency, scale efficiency, and technology indicators as well. 
 
CP and TFP in the whole construction industry have clearly improved and primarily 
promoted by technological improvement. Technological innovation in all regions has 
illustrated a gradual increase, and has promoted enhancements in CP and TFP across the 
whole industry, especially in the ACT, the NT and WA which have advanced the 
construction technological frontier outwards in many research phases. CP could be 
further significantly improved in most of the Australian construction industries, although 
in some regional sectors it has gradually increased over the research period. The regional 
adjustment factor remained steady from 1990 to 2013. TFP improvement has been 
hampered by scale inefficiency in NSW, Vic., Qld, and SA, and by pure technical 
inefficiency in Vic., Tas. and SA. Furthermore, the ACT and the NT have illustrated 
slightly decreasing ratios of -e emissions. The sectors in NSW, Vic., Qld, SA and 
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Tas. have demonstrated significant reduction scores. Vic., Tas., and SA need to improve 
both pure technical efficiency and scale efficiency aiming to strongly achieve 
construction growth and carbon reduction. Moreover, if NSW, WA, and Qld had 
effectively utilised their scale merit in the research period, they would have advanced 
construction growth and carbon reduction simultaneously. Summarising and 
popularising the construction techniques of the benchmarks, including the ACT and the 
NT for small construction industries and WA for large construction industries, would be 
beneficial for policymakers in order to promote sustainable development in the Australia 
construction industry. 
 
In this chapter, the contributions to the body of knowledge in construction research 
primarily embody from four aspects. Firstly, this chapter has systematically defined CP 
and first measured it for the construction industry. The study method of CP 
measurement can also be applied to investigation of other types of PFP, such as labour 
productivity and capital productivity. Secondly, TFP has been investigated in this study 
without neglecting carbon emissions, which could more accurately reflect construction 
nature and therefore produce more correct estimation results. Thirdly, this chapter has 
innovatively decomposed the sequential Malmquist–Luenberger productivity change 
into three components, namely, pure technical efficiency change, scale efficiency change, 
and technological change. Fourthly, the methodology of this chapter promotes progress 
in current productivity and DEA research in construction. The sequential benchmark 
technology benefits the application range of DEA. The Malmquist–Luenberger 
productivity index, which is based on the directional distance function, provides a way 
to measure construction performance in consideration of undesirable outputs and 
desirable outputs simultaneously. Furthermore, there are many kinds of undesirable 
outputs in construction, such as waste and accidents. This research can be replicated in 
productivity research about the existence of undesirable outputs, so as to evaluate 
construction performance, to identify driving forces, and finally to promote sustainable 
development. It is a limitation that some results related to technological progress in TFP 
change cannot be measured when using the Malmquist-Luenberger productivity index, 
although this study employed the sequential benchmark technology to attempt to solve it. 
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Chapter 5   Eco-efficiency assessment in the Australian 
construction industry 
 
 
This chapter is related to a journal paper as: 
Hu, X., & Liu, C. (2016). Slacks-based Data Envelopment Analysis for eco-efficiency 
assessment. Construction Management and Economics (Under major revision). 
 
More and more studies have pointed out that sustainable development has become an 
important path to solve the pressure of environmental protection. The widely accepted 
definition of sustainable development, which is from the Brundtland Report, is that 
“Sustainable development is development that meets the needs of the present without 
compromising the ability of future generations to meet their own needs”. Eco-efficiency 
is an important indicator of sustainability assessment to promote sustainable 
development (Wang et al., 2011).  In this chapter, the indicator of eco-efficiency is 
employed to evaluate and promote sustainable development for the construction industry 
through the developed method of slacks-based DEA. An effort is made to provide a 
reasonably accurate method to measure eco-efficiency. Moreover, the developed method 
of slacks-based DEA with intertemporal and window benchmark technologies 
contributes to DEA development in the construction area, which has not been done in 
the foregoing studies. 
 
5.1 The concept of eco-efficiency 
Eco-efficiency as an important indicator for sustainability assessment can describe an 
integrated manner of economic growth, resource conservation, and environmental 
protection. According to Ehrenfeld (2005), the concept of eco-efficiency was first 
proposed by Schaltegger and Sturm in 1989, and widely broadcast through the research 
of Schmidheiny in 1992, and the publication of the World Business Council for 
Sustainable Development. The World Business Council for Sustainable Development 
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defines that “Eco-efficiency is achieved by the delivery of competitively priced goods 
and services that satisfy human needs and bring quality of life, while progressively 
reducing ecological impacts and resource intensity throughout the life-cycle to a level at 
least in line with the Earth’s estimated carrying capacity”. 
 
Accordingly, three objectives can be concluded from this definition: decreasing the 
resource consumption, reducing the impact on nature, and increasing the value of 
products and services (Tatari & Kucukvar, 2011). Dias-Sardinha et al. (2002) designated 
the strategic objectives of eco-efficiency as the reduction of resource intensity, and the 
minimization of environmental impacts, in conjunction with value addition by 
continuous, incremental improvement. On the whole, eco-efficiency is systematically 
concerned with value creation, resource reduction, and environmental protection 
together, as shown in Figure 5-1. Therefore, eco-efficiency assessment assists in 
establishing sustainable development for production. In the Organisation for Economic 
Co-operation and Development, eco-efficiency is considered the efficiency with which 
ecological resources are utilised to meet human needs. The European Environment 
Agency believes that eco-efficiency, which enables more welfare from fewer resources 
in economic activities, provides equitable access to and use of the environment by 
current and future generations within carrying capacities. Furthermore, eco-efficiency, 
which is a valuable contributor to sustainable regional development, provides the 
opportunity to improve competitiveness and create jobs by reducing environmental 
pressure (Hinterberger et al., 2000). Eco-efficiency has been receiving more and more 
attention in recent studies of sustainable development, including levels of enterprise, 
region, and industrial system (Li et al., 2010).  
 
 
 
 
 
 
 
 
 
Figure 5-1 The objectives of eco-efficiency assessment in production 
Value Creation 
Environmental 
protection 
Production 
Resource 
reduction 
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Although the eco-efficiency concept has encountered certain specific critiques, such as 
its neglect of equity and other social properties (Ehrenfeld, 2005), it has become a 
dominant indicator and is commonly utilised on personal, local, national, and global 
scales from individual consumption, office environment to international trade, due to its 
scientific meaning and ease of calculation (Li et al., 2010). However, even though eco-
efficiency is a valuable management indicator to assess production sustainability 
worldwide, few studies related to eco-efficiency assessment can be identified in the 
construction domain (Tatari & Kucukvar, 2011). Ghimire & Barkdoll (2007) 
incorporated eco-efficiency analysis as an environmental-impact tool for making 
decisions in municipal drinking-water distribution systems, which illustrated that eco-
efficiency analysis helps decision-makers to take into consideration the quantification of 
environmental impacts in their decisions. Tatari & Kucukvar (2011) measured eco-
efficiency on the basis of the ratio between life-cycle assessment and life-cycle cost for 
exterior wall finishes in the USA, and showed that eco-efficiency is a useful tool to aid 
in making decisions on sustainable development for infrastructure projects. Furthermore, 
eco-efficiency can be utilised to evaluate residential development at the city level, 
defined as the ratio between product/service values and environmental impact that is 
represented by the indicator of ecological footprint, including all resource consumption 
and waste generation (Li et al., 2010). As a result, eco-efficiency as a management 
philosophy can be extensively studied for enhancing sustainability in the construction 
industry.  
 
Eco-efficiency is generally measured as the ratio of the produced outputs (the value of 
products and services) divided by the inputs (the sum of environmental pressures), in 
which the produced value of product/service is mostly represented by the indicator of 
“value added” (Li et al., 2010). Different studies usually choose different input 
categories, but regularly select main input resources and/or environmental effect 
categories. For example, Tatari & Kucukvar (2011) evaluated environmental effect from 
reviewing life-cycle costs including acidification, ecological toxicity, eutrophication, 
global warming, fossil fuel depletion, smog, water intake, human health, ozone 
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depletion, and habitat alteration. In the World Business Council for Sustainable 
Development, environmental influence mainly consists of energy consumption, material 
consumption, natural resource consumption, non-product output, and unintended events.  
 
The primary barriers to the evaluation of sustainability performance are the lack of 
sufficient information and no available model for measuring sustainability (Dias-
Sardinha et al., 2002). In this chapter, a new approach, the slacks-based DEA method, 
will be utilised to measure eco-efficiency. Eco-efficiency scores can be directly obtained 
from the results of the DEA method by linear programming. This new approach 
provides a pathway to measuring eco-efficiency through resource reduction, 
environment protection, and value creation simultaneously. 
 
5.2 Slacks-based measure of efficiency in DEA  
Slacks-based measure (SBM) DEA was systematically proposed by Tone (2001) as a 
kind of scalar direct measure of input excesses and output shortfalls simultaneously, but 
without considering undesirable outputs such as carbon emissions and waste generation. 
When considering undesirable outputs, SBM DEA has been further developed, for 
instance, modelling environmental performance (Zhou et al., 2006), measuring the 
efficiency of airports with airplane delays (Lozano & Gutiérrez, 2011), and evaluating 
the environmental energy efficiency of regional economies (Zhang & Choi, 2013). An 
obvious advantage of this method is that the slacks of inputs, desirable outputs, and 
undesirable outputs can be considered adequately and simultaneously in the same model 
and production set. However, the current literature on SBM DEA generally employs a 
contemporaneous benchmark technology. This chapter takes advantage of both 
intertemporal and window benchmark technologies in relation to the SBM DEA method 
so that new applications of this method can be achieved.  
 
In the construction domain, very few studies have utilised the SBM DEA method. 
Castro-Lacouture et al. (2007) presented a tool for optimizing material purchasing 
decisions in business-to-business construction marketplaces based on a basic DEA 
model using the slacks of inputs and outputs. In developing a project performance 
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evaluation system, the slacks of inputs and outputs were utilised to seek the causes of 
inefficient projects (Cao & Hoffman, 2011). Wong et al. (2012) presented a 
comprehensive evaluation of efficiencies for real estate and construction companies in 
Iran using several DEA models, of which one was called the SBM model. More 
importantly, the slacks-based DEA method specialises in measuring overall production 
efficiency from all factors of inputs and outputs. Moreover, no literature that uses the 
SBM DEA method to measure efficiency when considering undesirable outputs can be 
identified in the construction domain. This chapter employs the SBM DEA method to 
innovatively construct an eco-efficiency measurement technique, according to the 
concept of eco-efficiency. 
 
5.3 Methodology 
Consider a DMU observed at time t (t=1, 2, … T). Assume the inputs X=( , …, ) 
 of each DMU can produce desirable outputs =( , ,…, )   and 
undesirable outputs =( , ,…, )   with a production technology F, i.e. F 
={(  ), Xt can produce  and  at time t}. N, M, and W are the numbers of the 
inputs, desirable outputs, and undesirable outputs, respectively. These values of the 
inputs, desirable outputs, and undesirable outputs are all non-negative. The production 
decision-makers are representative consumers with well-defined preferences (Färe & 
Grosskopf, 1998), for instance, those who seek the maximum level of desirable outputs 
and the minimum level of inputs, and also wish to reduce undesirable outputs. Another 
important assumption in this chapter is about undesirable outputs with strong disability. 
In other words, undesirable outputs can be freely reduced, similar to inputs, so as to 
measure efficiency and productivity adequately (Hailu & Veeman, 2001).  
 
The slacks of input/output need be discussed. Figure 5-2 shows a diagrammatic sketch 
of slacks of input/output. Consider P with ( ) as an observation. Q with 
 is the benchmark technology for P. Q is located on OQR which is the 
frontier of a production technology set. Therefore, the input slack of , the desirable 
output slack of  and the undesirable output slack of  are ( ), ( ) and 
( ), respectively. Larger values of slacks demonstrate that more inputs can be 
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saved, more desirable outputs can be produced, and more undesirable outputs can be 
reduced. Therefore, it can be seen that more slacks will lead to lower production 
efficiency. This chapter considers all the slacks of inputs and outputs together to 
construct an index for measuring eco-efficiency in slacks-based DEA models. 
 
                                             
Figure 5-2 A diagrammatic sketch of slacks 
 
5.3.1 Eco-efficiency measurement in slacks-based DEA intertemporal benchmark 
analysis 
Before applying the DEA method, a production technology set and its frontier must be 
identified. In construction, the most common application is a contemporaneous 
benchmark technology (e.g. Li & Liu, 2010), which envelops a production technology 
set in the same period across all the DMUs. Consequently, the DEA results for the 
contemporaneous benchmark technology cannot be directly compared with each other in 
different phases. In comparison, an intertemporal benchmark technology constructs the 
production technology set of a DMU throughout all activity phases. Therefore, the 
intertemporal benchmark technology can provide an easy way to compare the DEA 
results inside a DMU across all time phases, and does not require other DMUs in 
calculation. However, the measurement results for different DMUs in intertemporal 
technology analysis cannot be directly compared with each other. 
 
● 
Q ● 
x, b 
O 
Frontier of a production 
P 
 
0
( ) 
R 
( , ) 
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Consider an observation  (j = 1, …, J) with the vector of ( , , ) at period 
* (*=1, 2, … T). J is the number of DMUs in a time period. T is the number of all 
research phases. ,   represent the n-th input, m-th desirable output, and w-
th undesirable output for the j-th DMU at period *, respectively. The eco-efficiency 
of  with the vector of ( , , ) at a time period t, which is the ratio of all 
desirable outputs divided by the sum of all inputs and undesirable outputs, is measured 
by solving the following DEA model: 
 
=    (5-1) 
s.t.   
=      (5-1a) 
=              (5-1b) 
=     (5-1c) 
 and  
  
  
The objective function of Model (5-1), which is to measure the eco-efficiency index, can 
be derived from the transformation that is shown in Appendix 5-1. Here,  which is the 
intensity factor of each  is utilised to structure the frontier of the intertemporal 
production technology set from the beginning period to period T. ,  and  are the 
slacks of the inputs, desirable outputs, and undesirable outputs at time period t, 
respectively. The constraint (5-1a) states that the observation  should save inputs 
of the value of  compared to the optimum value. The constraints (5-1b) and (5-1c) 
demonstrate the slacks of desirable outputs and undesirable outputs respectively. All 
slacks and the intensity factor must be equal to or greater than zero.  
 
is the objective value of Model (5-1) and satisfies . Smaller values of 
 indicate more waste of inputs, lower production of desirable outputs, and/or larger 
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volume of undesirable outputs. In comparison, larger values of indicate fewer slacks 
of inputs, desirable outputs, and undesirable outputs. If and only if ,  will 
be efficient and there will be no slacks for all inputs, desirable outputs, and undesirable 
outputs. Moreover, Model (5-1), which is a non-linear programming, can be transformed 
into a linear programming, as shown in Appendix 5-2.  
 
5.3.2 Eco-efficiency measurement and decomposition in slacks-based DEA window 
benchmark analysis 
A window benchmark technology establishes a production technology set for all DMUs 
during certain time phases. Hence, all DMUs can compare with each other in a same 
window. Window analysis assumes that there are no technological changes within 
different time phases inside a window (Asmild et al., 2004). Accordingly, the window 
width should be narrowed so that this assumption is unimportant. DEA models using the 
condition of CRS provide feasible solutions to the optimization problem, in which this 
assumption can be neglected (Asmild et al., 2004). Another significant reason for using 
window analysis is that the numbers of all DMUs should be more than double the sum 
of the numbers of inputs and outputs (Sun, 2011). Therefore, the window width of two 
years and the CRS condition are utilised in this chapter for the case of the Australian 
construction industry, in which the DEA results of all DMUs can be directly compared 
with each other in one time period. 
 
 is the eco-efficiency of  at time t in the window from time  to time , 
which can be solved by the following DEA model: 
 
 
 =     (5-2) 
s.t.   
 =      (5-2a) 
=                (5-2b) 
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=                            (5-2c) 
 and  
  
 
In Model (5-2), due to the window from  to , the number of the eco-efficiency values 
of  are . For a DMU at one time, there are also eco-efficiency values 
with the number of . For instance, because of the window width of two 
years in the case of this chapter, there will be two eco-efficiency values for each regional 
construction industry for a time period. The eco-efficiency values of each DMU can be 
obtained from calculating the geometric mean of all eco-efficiency scores (Asmild et al., 
2004). Therefore, in the presented case, the eco-efficiency  of a DMU at time t can 
be obtained as: 
   (5-3) 
 
 and  are the values of measured in the window from  to t, 
and from t to , respectively. Eco-efficiency will change along with time, due to 
internal and/or external influencing factors such as technological and efficiency changes. 
Decomposition techniques need be applied to investigate the factors influencing eco-
efficiency changes. The technique of the Malmquist index is popularly utilised in 
identifying factors by decomposing the results of DEA window analysis (e.g. Asmild et 
al., 2004; Sun, 2011). However, the results that are decomposed by the Malmquist index 
in DEA window analysis are inappropriate, as the decomposed results could not 
correctly reflect the true changes (Asmild et al., 2004). A new way, which is based on 
the theory of production-theoretical decomposition analysis, is introduced to decompose 
eco-efficiency changes in this chapter. Production-theoretical decomposition analysis is 
built on production theory framework, and is mainly conducted in production 
technology and efficiency analysis (Zhang & Da, 2015). The eco-efficiency change 
between time t and (t+1) can be decomposed by: 
100 
 
          (5-4) 
 
Although this new decomposition approach does not use the Malmquist index, it also 
follows the decomposition process of the Malmquist index (e.g. Färe et al., 2011). The 
first component  indicates that  internally moves from time  to  in the 
same window (t, t+1), which represents the catching up effect or the factor of efficiency 
change. The second component  indicates that  
respectively moves between two windows at time t and (t+1) together, which represents 
the frontier shift or the factor of technological change. The efficiency change factor aims 
to illustrate internal changes in production, such as using plant and tools efficiently, 
developing production process and management practices, and employing skilled 
workers. The technological change factor aims to illustrate external changes in 
production, such as introducing advanced equipment and techniques, applying new 
technologies, and improving production methods, theories, and process flows. 
 
The overall research framework for this chapter is proposed in Figure 5-3. Firstly, based 
upon the identified variables of inputs, desirable outputs and undesirable outputs, slacks-
based DEA models can be constructed so as to measure eco-efficiency. Secondly, by 
combining the slacks-based DEA models with the analysis of intertemporal benchmark 
technology, the eco-efficiency scores can be obtained for one DMU over time, which 
illustrates the eco-efficiency trends for a DMU. Thirdly, when combining the slacks-
based DEA models with window analysis, the eco-efficiency score of a DMU at a time 
can be obtained through calculating the geometric mean of eco-efficiency scores, which 
can compare eco-efficiency performances among all DMUs. Finally, a production-
theoretical decomposition analysis is applied to identify the driving forces for eco-
efficiency changes, including technological change (the frontier-shift effect), and 
efficiency change (the catch-up effect). Moreover, in the calculation of Model (5-1), an 
101 
 
optimal virtual DMU is introduced so as to extend benchmark basis, which can be 
identified in Greer (2008) and Horta et al. (2010). 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5-3 Research framework of eco-efficiency assessment in this chapter 
 
5.4 Eco-efficiency trends and influencing factors analysis 
The eco-efficiency of the Australian construction industry has been investigated through 
applying the methodology described in the previous section. The calculating variables 
comprise four factors: number of employed persons and value of construction work done 
as the two inputs, a desirable output named gross value added, and an undesirable output 
called -e.  
 
5.4.1 Eco-efficiency trends in the Australian construction industry 
In accordance with Model (5-1) of the slacks-based DEA, the eco-efficiency results were 
obtained and transformed on basis of the beginning score of all DMUs in 1990 in Figure 
5-4. The eco-efficiency of DMUs gradually increased in most years from 1990 to 2013, 
especially after 2003. Notably, the construction industries in the NT, WA and the ACT 
sharply enhanced their eco-efficiencies that quadrupled from 1990 to 2013, and eco-
efficiency of QLD nearly tripled. The construction industries in Vic., SA and NSW 
approximately doubled their eco-efficiencies over the research period. The eco-
Variables of input, desirable and undesirable outputs  
Aiming to build DEA models 
Eco-efficiency conception 
Intertemporal analysis SBM DEA models Window analysis (two years) 
Demonstrate and compare 
eco-efficiency among all 
DMUs in a time period 
Geometric mean of two 
eco-efficiency scores  Aiming to identify 
driving forces for eco-
efficiency changes  
Demonstrate eco-
efficiency trends for 
one DMU over time 
Eco-efficiency scores of 
one DMU over time 
Technological change (frontier-shift effect) Efficiency change (catch-up effect)  
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efficiency in Tas. illustrated the lowest increasing ratio of 42.4%. Therefore, the eco-
efficiency in the Australian construction industry clearly improved. 
 
 
Figure 5-4 The trends of eco-efficiency change in the SBM DEA intertemporal 
benchmark analysis 
 
Model (5-2) was computed, and the eco-efficiency results in the slacks-based DEA 
window analysis were obtained, as indicated in Table 5-1. The construction industry of 
the ACT attained the best achievement throughout all research phases, followed by those 
of the NT and WA. The other construction industries, including those of SA, NSW, Vic., 
Qld and Tas., had lower eco-efficiency scores and gradual decreases in the whole 
research period. The average values of all DMUs also showed a declining trend from 
1990 to 2013. The coefficient of variation (CV) as shown in the last column of Table 5-
1, which is calculated as the standard deviation of an indicator divided by its mean, 
generally represents unbalanced development conditions among regions (Wang et al., 
2013).  It can be seen in Table 5-1 that the eco-efficiency gaps among all the 
construction industries in Australia evidently enlarged from 1990 to 2013. Due to the 
rapid eco-efficiency growth in the ACT, the NT and WA, which was shown in Figure 5-
4, the eco-efficiency results in other industries would be relatively decreased in slacks-
based DEA window analysis, even though their actual eco-efficiencies were improved in 
the research phases. In other words, the eco-efficiency differences were extended in the 
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whole construction industry. Therefore, the Australian construction industry should pay 
attention to eco-efficiency underperformance and unbalanced conditions.  
 
Table 5-1 The eco-efficiency values of the slacks-based DEA window benchmark 
analysis 
 NSW Vic. Qld SA WA Tas. NT ACT Mean CV 
1990 0.6991 0.7097 0.6312 0.7689 0.7508 0.6138 0.9093 0.9563 0.7549 0.1391 
1991 0.7375 0.7689 0.6336 0.8331 0.7808 0.6468 1.0000 1.0000 0.8001 0.1718 
1992 0.7092 0.6966 0.6563 0.7352 0.7993 0.7335 0.9530 1.0000 0.7854 0.1400 
1993 0.6627 0.6823 0.6329 0.6789 0.8119 0.6915 0.9512 1.0000 0.7639 0.1828 
1994 0.6951 0.6660 0.5946 0.7639 0.7490 0.6359 1.0000 1.0000 0.7631 0.2242 
1995 0.6927 0.8235 0.5451 0.8142 0.7365 0.8045 0.8299 0.9254 0.7715 0.1184 
1996 0.6438 0.5883 0.5642 1.0000 0.6460 0.6450 0.6916 1.0000 0.7224 0.2991 
1997 0.6971 0.6054 0.5986 0.7939 0.6710 0.9327 1.0000 1.0000 0.7873 0.2566 
1998 0.6488 0.5857 0.5619 0.6605 0.6238 0.6162 0.6379 0.8697 0.6506 0.0957 
1999 0.5998 0.5538 0.5324 0.6022 0.5937 0.5315 0.7031 1.0000 0.6396 0.2651 
2000 0.6382 0.5553 0.5541 0.5416 0.6186 0.4376 0.8744 1.0000 0.6525 0.3815 
2001 0.5566 0.4888 0.5102 0.5216 0.6985 0.3865 1.0000 0.9999 0.6453 0.6001 
2002 0.6276 0.5403 0.5746 0.5663 0.6256 0.3932 1.0000 1.0000 0.6660 0.5026 
2003 0.5939 0.5352 0.5431 0.4916 0.5535 0.3726 0.8243 1.0000 0.6143 0.4587 
2004 0.5661 0.5210 0.5320 0.5574 0.6258 0.4122 0.9997 1.0000 0.6518 0.5340 
2005 0.5392 0.5072 0.5044 0.5527 0.5861 0.4308 1.0000 0.9080 0.6285 0.4787 
2006 0.5048 0.4784 0.4682 0.5098 0.5775 0.4537 0.9662 1.0000 0.6198 0.5844 
2007 0.4804 0.4885 0.4757 0.5157 0.6696 0.4548 0.8967 0.9246 0.6133 0.4356 
2008 0.4718 0.4567 0.4536 0.4970 0.6234 0.4146 1.0000 1.0000 0.6146 0.6870 
2009 0.4514 0.4245 0.4341 0.4230 0.6356 0.3759 0.9999 0.9605 0.5881 0.7685 
2010 0.4539 0.4331 0.4427 0.4265 0.7122 0.4115 0.7058 1.0000 0.5732 0.5541 
2011 0.4039 0.3652 0.4484 0.4236 0.7062 0.3789 0.6795 0.9396 0.5432 0.5590 
2012 0.3837 0.3550 0.4222 0.4247 0.7291 0.3772 0.7382 1.0000 0.5537 0.7179 
2013 0.3764 0.3812 0.4203 0.3991 0.7376 0.3385 1.0000 1.0000 0.5816 0.9888 
Mean 0.5764 0.5505 0.5306 0.6042 0.6776 0.5204 0.8900 0.9785 0.6660  
 
Eco-efficiency values reveal the entire status of a construction system. A slack ratio, 
which is the value of the slack of an input/output divided by the actual value of the 
input/output, can reflect the potential increased percentages of desirable outputs and the 
potential reduced percentages of inputs and undesirable outputs, compared with optimal 
construction systems. Figure 5-5 describes the average slack ratios for the increase in 
gross value added and the reductions in construction work done, employed persons, and 
carbon emissions in the Australian construction industry from 1990 to 2013. The slack 
ratio of carbon emissions is the highest ratio of all, followed by the slack ratios for 
employed persons and construction work done. On the contrary, the potential capability 
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to increase gross value added is very limited in the Australian construction industry. It 
can be concluded that the construction industry exploits the enhancement of construction 
efficiency to achieve the largest income value. However, simultaneously, the attention 
paid to the conservation of resources and the reduction of carbon emissions is relatively 
inadequate. In particular, more than 40% of carbon reduction and more than 20% of 
input shrinkage capabilities indicate a high level of pressure in relation to sustainability 
for most of the Australian construction industries. Moreover, the ACT and the NT, with 
small slack ratios, are typically utilised as the two benchmarks in the DEA 
computational process of measuring eco-efficiency.  
Figure 5-5 The average slack ratios of potential changes in the Australian construction 
industry during 1990–2013 
 
5.4.2 Factors influencing eco-efficiency changes in the Australian construction 
industry 
The results for the eco-efficiency changes in the Australian construction industry from 
the DEA window analysis are displayed in Appendix 5-3. The factors influencing eco-
efficiency change, including efficiency change and technological change, are described 
in Tables 5-2 and 5-3 respectively. Change values being smaller or larger than or equal 
to 1 indicate the decline, growth, or stagnation respectively of this indicator between the 
two phases.  
 
From Table 5-2, the indicator of the efficiency change in the Australian construction 
industry demonstrates an improving trend in terms of average values from 1990 to 2013, 
except for Vic.. The construction industries of the NT, WA and the ACT attained better 
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results of efficiency changes than the other construction industries. On the other hand, 
technological changes of all construction industries, which are shown in Table 5-3, 
clearly declined from 1990 to 2013 in terms of average values. It can be concluded that 
efficiency changes of the internal construction industry play a positive advancement, but 
technological changes produce a negative obstacle for the eco-efficiency progress in the 
whole industry.  
 
Table 5-2 Efficiency change in the eco-efficiency changes  
 NSW Vic. Qld SA WA Tas. NT ACT Mean 
1990-91 1.0548 1.0835 1.0038 1.0835 1.0399 1.0597 1.0997 1.0457 1.0588 
1991-92 0.9849 0.8915 1.0145 0.8577 0.9899 1.1042 0.9082 1.0000 0.9689 
1992-93 0.9806 0.9936 0.9700 0.9255 0.9861 0.9353 0.9047 1.0000 0.9620 
1993-94 1.0748 1.0064 0.9647 1.1534 0.9278 0.9470 1.0000 1.0000 1.0093 
1994-95 1.0761 1.0182 0.9941 1.3015 1.1249 1.5809 0.9385 1.0000 1.1293 
1995-96 1.0036 0.5883 1.1222 1.5083 1.0017 0.9967 0.9424 1.1678 1.0414 
1996-97 1.0817 1.0264 1.0577 0.7728 1.0368 1.3487 1.4459 1.0000 1.0963 
1997-98 0.9784 1.0159 0.9882 0.8509 0.9784 0.6450 0.6763 0.9093 0.8803 
1998-99 0.9846 1.0078 1.0135 0.9707 1.0160 0.9156 1.1820 1.2023 1.0365 
1999-00 1.0773 1.0151 1.0589 0.9270 1.0547 0.8900 1.4389 1.0000 1.0578 
2000-01 0.8735 0.8801 0.9307 0.9798 1.1291 0.9413 1.3079 1.0000 1.0053 
2001-02 1.1713 1.1445 1.1619 1.1068 0.9251 0.9993 1.0000 1.0002 1.0636 
2002-03 1.0358 1.0838 1.0254 0.9354 0.9670 0.9839 0.9827 1.0000 1.0018 
2003-04 1.0059 1.0292 1.0360 1.1986 1.2015 1.1700 1.4464 1.0000 1.1359 
2004-05 1.0223 1.0354 1.0070 1.0498 0.9943 1.0895 1.0005 1.0000 1.0249 
2005-06 1.0048 1.0028 0.9861 0.9767 1.0416 1.0979 1.0000 1.2129 1.0403 
2006-07 0.9725 1.0439 1.0409 1.0416 1.2022 1.0498 1.0712 0.9496 1.0465 
2007-08 1.0378 0.9912 1.0178 1.0182 1.0142 0.9604 1.2437 1.1109 1.0493 
2008-09 1.0211 0.9967 1.0346 0.9024 1.1185 0.9389 0.9999 1.0000 1.0015 
2009-10 1.0376 1.0544 1.0577 1.0418 1.2791 1.1262 0.7058 1.0840 1.0483 
2010-11 0.9410 0.8923 1.0760 1.0502 1.1567 0.9681 1.0215 1.0000 1.0132 
2011-12 1.0153 1.0390 1.0059 1.0716 1.1013 1.0633 1.1577 1.1327 1.0734 
2012-13 0.9920 1.0849 1.0012 0.9499 1.0114 0.9119 1.3604 1.0000 1.0390 
Mean 1.0186 0.9967 1.0247 1.0293 1.0564 1.0315 1.0798 1.0355 1.0341 
 
The efficiency improvement of the Australian construction industry is from the 1990s.  
A significant reason for this could be its diverse mandatory construction industry 
training initiative. Historically, the construction industry had a comparatively low level 
of investment in training (Toner, 2000). Since 1993, training fund act has been applied 
into construction industries of Australian states and territories to improve the training 
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quality and increase the number of skilled workers in the construction industry. The 
incentive schemes and amounts differ from states and territories. For instance, when a 
new construction apprentice is employed through direct indenture or a group training 
scheme, up to $21,000 grants can be provided to help reduce the training cost in Western 
Australia. As a result, skilled construction workers can prominently promote the 
efficiency change in the construction industry.  
 
Table 5-3 Technological change in the eco-efficiency changes 
  NSW Vic. Qld SA WA Tas. NT ACT Mean 
1990-91 1.0000 1.0000 1.0000 1.0000 1.0000 0.9944 1.0000 1.0000 0.9993 
1991-92 0.9765 1.0163 1.0210 1.0288 1.0342 1.0269 1.0493 1.0000 1.0191 
1992-93 0.9529 0.9857 0.9943 0.9978 1.0301 1.0081 1.1032 1.0000 1.0090 
1993-94 0.9759 0.9699 0.9738 0.9755 0.9943 0.9711 1.0513 1.0000 0.9890 
1994-95 0.9261 1.2143 0.9223 0.8190 0.8741 0.8002 0.8843 0.9254 0.9207 
1995-96 0.9261 1.2143 0.9223 0.8142 0.8756 0.8045 0.8843 0.9254 0.9208 
1996-97 1.0009 1.0026 1.0031 1.0274 1.0019 1.0721 1.0000 1.0000 1.0135 
1997-98 0.9513 0.9523 0.9497 0.9777 0.9501 1.0242 0.9433 0.9564 0.9631 
1998-99 0.9389 0.9382 0.9349 0.9393 0.9368 0.9421 0.9325 0.9564 0.9399 
1999-00 0.9878 0.9877 0.9828 0.9701 0.9878 0.9252 0.8643 1.0000 0.9632 
2000-01 0.9984 1.0002 0.9895 0.9830 1.0000 0.9382 0.8744 0.9999 0.9729 
2001-02 0.9625 0.9658 0.9693 0.9810 0.9682 1.0182 1.0000 0.9999 0.9831 
2002-03 0.9136 0.9138 0.9218 0.9280 0.9150 0.9629 0.8388 1.0000 0.9242 
2003-04 0.9476 0.9460 0.9454 0.9460 0.9410 0.9458 0.8386 1.0000 0.9388 
2004-05 0.9317 0.9402 0.9414 0.9444 0.9418 0.9591 0.9997 0.9080 0.9458 
2005-06 0.9317 0.9406 0.9414 0.9444 0.9460 0.9592 0.9662 0.9080 0.9422 
2006-07 0.9786 0.9783 0.9762 0.9713 0.9645 0.9550 0.8664 0.9736 0.9580 
2007-08 0.9463 0.9430 0.9367 0.9464 0.9180 0.9490 0.8967 0.9736 0.9387 
2008-09 0.9370 0.9327 0.9252 0.9431 0.9115 0.9658 1.0001 0.9605 0.9470 
2009-10 0.9690 0.9675 0.9641 0.9679 0.8760 0.9719 1.0001 0.9605 0.9596 
2010-11 0.9458 0.9451 0.9413 0.9457 0.8573 0.9512 0.9425 0.9396 0.9335 
2011-12 0.9458 0.9451 0.9413 0.9457 0.9372 0.9512 0.9425 0.9396 0.9435 
2012-13 0.9891 0.9899 0.9944 0.9893 1.0003 0.9842 0.9957 1.0000 0.9928 
Mean 0.9580 0.9865 0.9605 0.9559 0.9505 0.9600 0.9510 0.9707 0.9617 
 
In order to investigate the relationships among eco-efficiency change, efficiency change, 
and technological change in all construction industries, the results of regression analysis 
are described in Table 5-4. From the table, the significance levels of the regression 
analysis results are all lower than 0.001 in the Australian construction industry. The 
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regression coefficients of efficiency change and technological change are also 
significantly related to eco-efficiency change. Moreover, the regression coefficients of 
technological change are larger than those of efficiency change in the whole 
construction industry, except for Vic.. Therefore, despite the clear improvement in 
efficiency change, the eco-efficiency values indicate some reductions in the Australian 
construction industry, excluding the NT, WA and the ACT in which all had slight 
progress. These reductions can be explained by the serious decreases in technological 
change, such as failure to apply advanced construction technologies and equipment.  
 
Table 5-4 Regression analysis of the eco-efficiency changes: 1990-2013 
NSW Vic. Qld SA WA Tas. NT ACT 
Regression 
coefficient of 
efficiency change 
0.9742* 1.1072* 0.9658* 0.9294* 0.9326* 0.9360* 0.9388* 0.9435* 
Regression 
coefficient of 
technological 
change 
1.0278* 0.9456* 1.0280* 1.1759* 1.0594* 1.2017* 1.0689* 1.0281* 
Adjusted R2 0.9982 0.9852 0.9991 0.9871 0.9969 0.9878 0.9938 0.9991 
Sig. F 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
Standard error 0.0026 0.0121 0.0016 0.0122 0.0045 0.0178 0.0150 0.0020 
Note: *significant at a level of ; number of observations = 23.  
 
 
In construction, the primary barriers to implementing sustainability programs include 
“capital cost concern”, “potential barriers to competitiveness”, “needing to show a 
positive rate of return”, “need a practical implementation”, and “not sure how to do it or 
measure it” (Yates, 2014). The implementation of eco-efficiency improvement seems 
even more difficult in the Australian construction industry, due to its limited ability to 
expand gross value added and the need for more investment to introduce advanced 
technologies. However, the shrinking resource consumption provides an important 
incentive to diminishing construction cost. Moreover, summarising and deploying the 
sustainable construction practices of the ACT, the NT and WA to the whole construction 
industry would be an effective way to promote eco-efficiency. For instance, the ACT 
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government has been developing building and planning regulations which play a central 
part to achieve Territory medium to long term climate change and energy reduction 
objectives, and has also been working with construction industry to encourage designers 
and practitioners to exceed minimum sustainability standards (ACT Government 
Environment and Sustainable Development, 2011). Finally, as the drivers of sustainable 
development come mainly from external participants such as owners, the public, and 
government (Yates, 2014), financial support and technological support from external 
participants are indispensable factors in developing eco-efficiency in the industrial 
construction sector. 
  
5.5 Concluding remarks 
In this chapter, two slacks-based DEA models have been developed in order to measure 
eco-efficiency which is a vital sustainability metric. Intertemporal benchmark 
technology has been applied to define the production technology set in DEA so that the 
eco-efficiency results can be compared between different phases for one DMU, and 
window benchmark technology has contributed to comparing eco-efficiency values 
among all DMUs in one period. Furthermore, the driving forces of eco-efficiency 
change, including efficiency change and technological change, have been investigated 
based on the theory of production-theoretical decomposition analysis.  
 
Data from the Australian construction industry have been employed to demonstrate how 
to implement the developed models. The eco-efficiency in the whole construction 
industry showed significant improvement from 1990 to 2013 by investigating the results 
in the intertemporal analysis. The construction industries of the ACT, the NT and WA 
demonstrated the best performances of eco-efficiency changes in all regions, indicating 
small slack ratios of all inputs and outputs. The other construction industries exhibited a 
widening gap with the three sectors and large slack ratios of resource consumption and 
carbon emissions, both resulting in the eco-efficiency decrease.  The decrease could be 
noticed from the eco-efficiency results of the window analysis. Although the Australian 
construction industry has obviously improved the construction efficiency especially for 
improving value added, the ineffective technological change has hindered the eco-
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efficiency progress. Therefore, a key measure for improving eco-efficiency is to 
introduce and implement advanced construction technologies which may require 
financial support from external stakeholders. 
 
Several key contributions to the body of knowledge of construction research can be 
concluded from this chapter. Firstly, based on the concept of eco-efficiency, a new 
technique of the slacks-based DEA method has been constructed for accurate eco-
efficiency measurement. This technique contributes to efforts to investigate eco-
efficiency by reducing resource consumption and minimising environmental impacts, 
together with adding production value simultaneously. Although the DEA results are 
relative scores, which is a limitation of the DEA method, the research method presented 
in this chapter provides a pathway towards systematically measuring, comparing, and 
investigating eco-efficiency change and its driving forces. Secondly, intertemporal and 
window benchmark technologies have been applied in this chapter. The DEA results 
from the window analysis have been innovatively decomposed based on the theory of 
production-theoretical decomposition analysis. They all would promote the DEA 
development in construction. Although this chapter focuses on the Australian 
construction industry, experiences and knowledge learned may help other countries or 
industries to formulate appropriate strategies and pathways for elevating their 
sustainable abilities. Moreover, this developed research framework can be replicated 
with other organisations, sectors or regions to systematically measure, compare, and 
evaluate eco-efficiency or production performance for various research objectives. 
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Chapter 6   Profitability performance evaluation in the 
Australian construction industry  
 
This chapter is related to two journal papers as: 
Hu, X., & Liu, C. (2016). Profitability performance assessment in the Australian 
construction industry: A global relational two-stage DEA method. Construction 
Management and Economics, 34(3), 147-159, DOI: 
10.1080/01446193.2016.1180415.  
Hu, X., & Liu, C. (2015). Relational Two-stage Data Envelopment Analysis of overall 
performance: a case study of the China’s construction industry. Engineering, 
Construction and Architectural Management (Under review). 
 
6.1 Introduction 
Profit, which is one of the most important conditions for commercial business survival, 
is an important objective in production (Manser, 2013). Profit maximization is the basis 
for the theory model of a perfect competition market; profit margin is utilised as an 
effectiveness metric in the Dupont framework (Tsolas, 2011). A firm is impossible to 
pursue other objectives without relating to profit; and profit must be a potential 
reasonable objective pursued by management behaviours (Agu, 1992). Accordingly, 
profit-based indicators are key financial measures in investigating the performance of a 
company (Bacidore et al., 1997).  
 
Profitability, which refers to the ability of making profit during a certain operating 
period for  a company (Zhang et al., 2015b), has become one of the most popular 
indicators utilised to measure performance in construction (Deng & Smyth, 2013). For 
example, Tsolas (2011; 2013) measured profitability performance for construction firms; 
Horta et al. (2010) utilised profitability as an indicator to assess overall performance for 
construction companies.  
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The underperformance of the construction industry has been criticised in previous 
literature and industry reports (Bassioni et al., 2005). In the state of competitive 
construction market and economic recession, the construction profit were reduced in 
order to improve the chances of winning project bids, especially in global projects that 
are also associated with political, economic, cultural, and legal risks (Tamer et al., 
2012). Moreover, the carbon emission reduction and environmental activities have an 
important influence for profitability performance (Hatakeda et al., 2012). Most 
importantly, as the construction industry is an important part of business market, 
construction success should be reflected in financial statements (Tsolas, 2011). 
Therefore, in order to improve profitability performance, especially considering carbon 
emissions constraint in such requirement of sustainable development, profitability 
performance shall be measured and influencing factors shall be identified at first, which 
are the research objectives in this chapter. 
 
Performance measurement is dependent on certain indicators, efficiency and 
effectiveness being two dimensions widely utilised to demonstrate the performance for 
construction firms. Previous studies generally defined performance measurement as the 
process quantifying efficiency and effectiveness of action (e.g. Neely et al., 1995). For 
example, Tsolas (2011) measured efficiency and effectiveness as two dimensions of the 
performance of construction firms. In practice, efficiency can be defined as the 
capability of “doing things right” and effectiveness associates with the activity level of 
“doing the right things”. The efficiency and effectiveness measurements are critical in 
promoting a firm’s success in the highly competitive construction market (El-Mashaleh 
et al., 2007). Chiou et al. (2010) investigated performance in non-storable commodity 
research via a joint measurement of efficiency and effectiveness using integrated DEA 
approaches. Although increasing attention has been paid to performance measurement in 
construction by academics and practitioners (Yang et al., 2010), very little literature 
measuring performance, efficiency and effectiveness simultaneously can be determined 
in the construction domain.  
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Effective performance measurement can drive efficiency and support development for 
construction. A global relational two-stage DEA method, which combines a relational 
two-stage DEA model with a global benchmark technology, is proposed in this chapter 
in order to produce effective and informative performance results. The two-stage DEA 
approach is a type of DEA which measures the performance of a production system with 
a two-stage production structure.  The relational two-stage DEA method measures 
overall efficiency for a whole construction system and yields scores for the individual 
stages of construction. The DEA results can be directly compared through the global 
benchmark technology. Therefore, the proposed method provides an opportunity to 
measure profitability performance, efficiency and effectiveness simultaneously and also 
explores comparisons between different DMUs and different years. Four significant 
research contents are illustrated in this chapter. Firstly, the literature about a two-stage 
DEA approach to measuring performance is critically reviewed. Subsequently, the 
global relational two-stage DEA models are introduced. Thirdly, the new method is 
applied in the case of the Australian construction industry so as to identify opportunities 
for promoting profitability performance. Finally, the comparisons between the global 
relational two-stage DEA method and other related methods are provided in order to 
indicate the advantages of the new method. 
 
6.2 A Two-stage DEA approach to measuring performance  
The DEA approach, which is also called the standard or one-stage DEA approach, is one 
of the most frequently utilised techniques for performance measurement in construction 
(Yang et al., 2010). This is mainly because the DEA technique provides significant 
managerial information concerning rankings and targets in performance evaluation 
(Horta et al., 2010), and the DEA results have higher correlations with traditional 
performance indictors than common econometric models (Cummins & Zi, 1998). 
However, these performance measurements, which almost are based on the results of 
one-stage efficiency scores, could be more precisely measured.  
 
The DEA approach has been criticised for treating the whole production system as a 
“black box” and ignoring the internal structure of systems (Du et al., 2011). In order to 
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open this “black box”, such some scholars have attempted to decompose system 
structures to measure internal efficiencies via a newly developed technique of network 
DEA. As a pioneer in these studies, Färe & Grosskopf (1996) proposed a frontier 
technology to measure the Malmquist productivity index considering intermediate 
products. Seiford & Zhu (1999) utilised DEA to examine the performance of 
commercial bank in a two-stage decomposition process consisting of profitability and 
marketability. These measurement methods are generally named network DEA (Kao, 
2014). The network DEA is a type of DEA technique that is utilised to measure the 
efficiency of a system with a network structure (Färe & Grosskopf, 2000). Kao (2014) 
reviewed the studies about the network DEA, and believed that the network DEA helps 
identifying real problems by separating large operations into detailed processes, and that 
the results calculated via the network DEA are more meaningful and informative than 
those obtained from the one-stage DEA approach.  
 
The two-stage structure is a specific case and a basic structure for the network DEA 
research (Kao, 2014). The two-stage DEA method has been developed and applied in 
investigating efficiencies, or performances of different activities and objects in various 
contexts. Cook et al. (2010) reviewed the DEA models of the two-stage structure and 
classified these models into four categories: standard DEA approach, efficiency 
decomposition approach, network-DEA approach and game-theoretic approach. One of 
the most significant issues is how to legitimately treat intermediate products of the 
whole system for these two-stage DEA models. The standard two-stage DEA model, 
which does not treat the intermediate products in a coordinate manner, respectively 
measures efficiencies for the first and second stages (Cook et al., 2010). Kao & Hwang 
(2008) proposed the relational two-stage DEA model in the CRS situation, due to that 
the relational two-stage DEA model is considered as more reliable in measuring system 
efficiency than the standard two-stage DEA model. Chen et al. (2009a) developed the 
relational two-stage DEA model for the situation of VRS, where the overall efficiency is 
expressed as a (weighted) sum of the efficiencies of individual stages. Compared to the 
standard two-stage DEA model, a superiority of the relational two-stage DEA model 
114 
 
requires intermediate products in an equal condition between the two stages, but without 
the requirement of equivalent to the current value. 
 
In the construction domain, Tsolas (2011; 2013) firstly analysed the two-stage structure 
so as to investigate the performance of construction firms. Tsolas (2011) decomposed 
the construction production system into two stages, “profitability efficiency” and 
“effectiveness”, and utilised the standard two-stage DEA approach to measure them. 
This approach neglects the functions of the intermediate product of “total revenue” in 
the measurement process. In the first stage, the intermediate product should be 
maximally produced so as to improve profitability efficiency; however, the intermediate 
product should be reserved in the second stage in order to improve effectiveness. These 
requirements are contradictory. A significant point is that the intermediate product 
should be equal between the first and second stages in the measurement process. To 
overcome this shortcoming, Tsolas (2013) applied a separate two-stage DEA model 
(named in Chiou et al., 2010), where an input-oriented model was utilised in the first 
stage to measure profitability efficiency and an output-oriented model was utilised in the 
second stage to measure the performance of the stock market, respectively. Chiou et al. 
(2010) indicated that the measurement of the separate two-stage DEA model should be 
further developed because the two stages are not interrelated. In addition, these two 
papers did not measure overall performance for the whole system. In spite of this, the 
two researches provide a rational pathway to simultaneously measure overall 
performance and its two tages in construction. 
 
6.3 Methodology 
6.3.1 Global relational two-stage DEA models 
Assume a generic two-stage process is defined as Figure 6-1. Consider  (j=1, 2, 
…, J) observed in t=1, 2, …, T time phases. In the first stage, assume each  has N 
inputs  (n = 1, 2, …, N) can produce P desirable outputs  (p=1,2, …, P), Q 
undesirable outputs  (q=1,2, …, Q) and R intermediate products  (r=1,2, …, R). In 
the second stage, R intermediate products  and S inputs  (s=1, 2, …, S) can 
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produce M desirable outputs  (m = 1, 2, …, M) and L undesirable outputs  (l=1,2, 
…, L). Here  is the output of the first stage and is also the input of the second stage. 
The variables of the inputs, desirable outputs and undesirable outputs are all non-
negative. 
 
 
 
 
 
Figure 6-1 A two-stage production process 
 
The original linear program of the relational two-stage DEA model with the 
contemporaneous benchmark technology is shown in Kao & Hwang (2008). An 
envelopment form of the model with the global benchmark technology is provided to 
measure efficiencies in this chapter. Three models are provided in Table 6-1. Model (a) 
is constructed to measure overall efficiency of the ith (i=1, 2, …, J) observation . 
The value of overall efficiency is the reciprocal of  in the output-oriented function of 
DEA. Similarly, the efficiencies of the first and second stages are the reciprocal of  
and  in Models (b) and (c), respectively. The values of ,  and , which are 
obtained from the objective functions (1a), (1b) and (1c), are greater than or equal to 1. 
Bigger the value illustrates worse production efficiency and longer distance between the 
DMU and the best-practice frontier of the production technology set, in other words, 
which shows the DMU potentially producing more target outputs in current inputs.  
 
In Table 6-1, constraints (2) and (3) demonstrate inputs without more than current input 
values in the two stages. Constraints (4) and (5) require that undesirable outputs should 
not produce more than current values in the two stages. Studies concerning undesirable 
outputs are classified into two categories: direct approaches which consider undesirable 
outputs with a weakly disposable property, and indirect approaches, including two types, 
one that treats undesirable outputs as inputs for processing and another that adopts 
monotonic decreasing transformation approaches (Wu et al., 2014). In this chapter, the 
undesirable outputs are treated as inputs in order to measure overall efficiency 
 
Stage 1 
  
Stage 2 
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adequately. Constraint (6) requires intermediate products from the first stage should be 
greater than or equal to them consumed in the second stage, which bonds the first and 
second stages. In constraint (7),  and , which are non-negative virtual multipliers, 
are separately utilised in constructing the benchmark values of all variables for the first 
and second stages. 
 
Table 6-1 Global relational two-stage DEA models 
Model (a) Model (b) Model (c) 
= 
                 (1a) 
 Efficiency in Stage 1 =       
                                               (1b) 
Efficiency in Stage 2 =        
                                               (1c) 
                          (2) 
                               (3) 
                          (4) 
                               (5) 
         (6) 
, .                                      (7) 
               (8a) 
               (9a) 
  (8b) 
      (9b) 
        (10b) 
      (8c) 
            (9c) 
   (10c) 
 
Constraints (2)-(7) are shared by Models (a), (b) and (c). Moreover, the three models 
have their independent constraints. In Model (a), constraints of (8a) and (9a) illustrate 
that desirable outputs must be greater than or equal to the target values for the first and 
second stages respectively, which are in order to measure the maximum value of . In 
Model (b), constraints (8b) and (9b) are to restrict , in which the target value of 
intermediate products and desirable outputs in the first stage should be maximum. 
Constraint (10b) demonstrates desirable outputs of the second stage to be no less than 
their current values. In Model (c), the target values of desirable outputs in the first stage 
should be greater than or equal to their current values, and the input values of 
intermediate products in the second stage should be less than or equal to their current 
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values, which are illustrated in constraints (8c) and (9c) respectively. The final desirable 
outputs need to be maximised in order to measure  in constraint (10c). 
 
Size factor plays an important role in influencing profitability, although the positive or 
negative role should be investigated (Haar, 1989). According to this, this chapter also 
intends to identify the role of overall scale in influencing profitability performance. All 
the above models are based on the CRS condition. When the overall objective of Model 
(a) is under VRS, two extra constraint conditions of =1 and =1 should be 
added. As measured from an output-oriented function of DEA, the reciprocals of the 
result from the DEA model under VRS is the overall pure technical efficiency (OPTE). 
OPTE is attributed to managerial skills in production. The overall scale efficiency 
(OSE), which represents scale factor, is the proportion between overall efficiency and 
OPTE. The relationships among overall efficiency, pure technical efficiency and scale 
efficiency have been investigated in much literature (e.g. Tsolas, 2013). 
 
In summary, overall efficiency in the whole system consists of efficiency in the first 
stage and efficiency in the second stage observing from production process, and also can 
be decomposed into pure technical efficiency and scale efficiency viewing from driving 
forces analysis. In addition, if there were one intermediate product in the production 
system, the efficiency of each stage that is measured via the relational two-stage DEA 
model would be equal to the result that is measured by the standard two-stage DEA 
method (Cook et al., 2010). However, if two or more intermediate products existed, the 
equation would not be correct (e.g. Kao & Hwang, 2008). Under the VRS condition, an 
efficiency score in a whole system is not equal to the product of scores from two 
separate stages in a relational two-stage DEA model (Chen et al., 2009b). 
 
6.3.2 Identifying the two-stage process and measurement variables 
The construction industries of the Australian states and territories are selected as a case 
of applying the global relational two-stage DEA method that is described in the previous 
section. Identifying reasonable variables and production structure is fundamental to 
applying the method. Tsolas (2011) constructed a two-stage DEA model in order to 
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measure profitability efficiency and effectiveness of construction firms, using variables 
of total operating cost, selling and administrative cost, total revenue and net income 
before taxes. Schaufelberger (2011) analysed the cash flow cycle of construction 
business, including project and enterprise processes. Furthermore, profitability 
performance reflects the ability to earn a return from its use for a given investment. 
Accordingly, the two-stage model for profitability performance measurement is 
established, including the indicators of inputs, intermediate product and outputs, as 
shown in Figure 6-2.  
 
 
 
 
 
 
 
 
 
  
Figure 6-2 The profitability performance process in the Australian construction industry  
 
In Figure 6-2, the first stage illustrates profitability efficiency, using labour input 
(employed persons) and capital input (construction work done) to produce gross value 
added and carbon dioxide equivalent ( -e) emissions. Li & Liu (2010) employed the 
three variables of employed persons, construction work done and gross value added to 
analyse TFP performance for the Australian construction industry by DEA. Furthermore, 
the -e emissions are selected to represent one undesirable output, due to data 
availability. -e emissions primarily occur in the construction process; therefore, this 
indicator is considered as an undesirable output in the first stage. Furthermore, it is noted 
that the first stage in this model reflects the construction project management level in the 
construction industry. 
 
In Figure 6-2, the gross value added as an input indicator and the gross operating surplus 
and mixed income as an output indicator are chosen to measure effectiveness in the 
second stage. In Australia, the gross value added of the market producer is = sales and 
Construction work done 
Gross value added Employed persons Stage 1 Stage 2 
Gross 
operating 
surplus 
and gross 
mixed 
income -e emissions 
Efficiency 
Effectiveness 
Profitability performance 
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service income + funding from government + capital work done for own use + closing 
inventories - opening inventories - purchases of goods and materials - other intermediate 
input expenses (ABS, 2014).  Therefore, the gross value added represents the total 
revenue made by the construction industry. The gross operating surplus accruing from 
operations to all enterprises, except unincorporated enterprises, is the difference of gross 
output over the sum of intermediate consumption, compensation of employees, and taxes 
less subsidies on production and imports (ABS, 2014). The gross mixed income of 
unincorporated enterprises includes values of both compensation of employees and 
operating surplus (ABS, 2014). Therefore, the gross operating surplus and mixed income 
represent the returns of construction investment. The advantage of using the gross 
operating surplus instead of profit indicator is that the gross operating surplus is not 
influenced by the financial leverage (Richardson, 2014). In fact, the gross operating 
surplus and mixed income is widely utilised in evaluating firm performance (Zhang et 
al., 2015b). A similar example is Tsolas (2011) which employed total revenue as the 
input variable and net income before taxes as the final output variable to measure 
effectiveness for construction firms. As a result, gross value added as the input variable 
and the gross operating surplus and mixed income as the output variable have been 
chosen to measure effectiveness in the second stage. Moreover, the second stage 
primarily indicates enterprise management capability for the construction industry. 
Enterprise management in the construction industry broadly includes: logistics, 
organisation and choice of skills, and technologies employed on- and off-site by the 
constructor to manage a project during the construction phase (Australian Government 
Productivity Commission, 2014). 
 
All mathematical operations are implemented in Microsoft Excel worksheets. The 
measurement models are individually solved by using an OpenSolver program. The 
OpenSolver program that is an MS-Excel add-in can solve linger and integer programs. 
OpenSolver can solve larger-sized DEA models, which has been utilised in previous 
literature (e.g. Apt & Zoeteweij, 2007). The annual scores of each DMU are 
consequently obtained for all indicators, including profitability performance, 
profitability efficiency, effectiveness, OPTE and OSE. 
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6.4 Result analysis of the profitability performance indicators 
6.4.1 Result analysis for the whole construction system and stages 
The data in Table 6-2 indicate profitability performance of the Australian construction 
industry, which are computed via Model (a). By observing average values, the 
profitability performance of the entire industry demonstrates lower scores on the DEA 
scale of (0, 1]. The construction industry in the NT indicated the greatest score from the 
average value. More importantly, in 2008 the NT attained the best value in Australia. In 
2008, residential and non-residential construction activity in the NT increased clearly 
due to major development projects, and the total value of Northern Territory building 
approvals increased 18 percent compared to the previous year (Northern Territory 
Government’s Department of Planning and Infrastructure, 2008). Actually, the 
construction industry’s turnover in the NT achieved the peak in 2008 over the entire 
historical phases (Hall Chadwick, 2015). Furthermore, the Construction Industry Long 
Service Leave and Benefits Act 2005 came into effect, which provided benefits to the 
local private sector and attracted skilled workers to the NT with about 49% of registered 
workers of Australia (NT Build, 2006). WA has attained the second highest score of all 
states/territories. Moreover, following advancement in the mining economy, WA and the 
NT demonstrated the best economic growth ratios in Australia recently, which was also 
embedded in performance improvement in the construction industry. The ACT follows 
WA in terms of the average value of profitability performance. The other construction 
industries, including Tas., SA, Vic., NSW and Qld, showed the similar and lower results 
of profitability performance in all research phases. Therefore, the whole construction 
industry in Australia demonstrated a period of potentially improved profitability 
performance. 
 
 
 
 
 
121 
 
Table 6-2 Profitability performance of the Australian construction industry 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.3263 0.3659 0.2726 0.3473 0.3812 0.3637 0.3086 0.3506 
1991 0.3507 0.3787 0.2830 0.3783 0.3635 0.3451 0.3790 0.4025 
1992 0.3466 0.3369 0.2988 0.3576 0.3629 0.3938 0.2829 0.3876 
1993 0.3289 0.3231 0.3056 0.3195 0.3683 0.3653 0.2728 0.3917 
1994 0.3453 0.3301 0.3159 0.3271 0.3915 0.3686 0.3177 0.3845 
1995 0.3631 0.3611 0.3182 0.3816 0.4191 0.4521 0.2565 0.4092 
1996 0.3876 0.3770 0.3569 0.4222 0.4320 0.4691 0.2415 0.4531 
1997 0.4230 0.3796 0.3747 0.4165 0.4521 0.5394 0.2786 0.4602 
1998 0.3997 0.3687 0.3596 0.3795 0.4000 0.4398 0.3044 0.4271 
1999 0.3772 0.3637 0.3614 0.3610 0.3776 0.3830 0.4475 0.4590 
2000 0.4083 0.3919 0.3859 0.3464 0.4031 0.3118 0.5563 0.5585 
2001 0.2873 0.3109 0.3264 0.3216 0.5374 0.3071 0.8765 0.4229 
2002 0.4061 0.3839 0.3829 0.3618 0.3820 0.2535 0.4740 0.5368 
2003 0.4327 0.3906 0.4009 0.3945 0.3673 0.2314 0.4466 0.4861 
2004 0.4188 0.4054 0.3879 0.4644 0.4791 0.3262 0.6814 0.5915 
2005 0.3869 0.4396 0.3910 0.4430 0.4359 0.3923 0.8610 0.6283 
2006 0.3834 0.4160 0.3557 0.4339 0.4398 0.3961 0.6703 0.5918 
2007 0.3486 0.4322 0.3166 0.4143 0.4730 0.4308 0.7541 0.4544 
2008 0.3088 0.3494 0.3222 0.3657 0.4576 0.3582 0.8950 0.4436 
2009 0.3234 0.3523 0.3339 0.3572 0.5183 0.3467 0.8006 0.4072 
2010 0.3487 0.3770 0.3803 0.3848 0.5411 0.4060 0.5751 0.4633 
2011 0.3122 0.3770 0.3809 0.3493 0.6081 0.3915 0.5243 0.4504 
2012 0.3001 0.3101 0.3705 0.3373 0.7449 0.4181 0.6727 0.4460 
2013 0.2983 0.2906 0.3683 0.2927 0.7408 0.3576 0.8589 0.3287 
Mean 0.3588 0.3671 0.3479 0.3732 0.4615 0.3770 0.5307 0.4556 
The scores of profitability efficiency in the Australian construction industry are 
described in Table 6-3, which are calculated via Model (b). According to the performed 
trends of profitability efficiency, two groups can be divided for all the states and 
territories. The ACT, the NT and WA, illustrated better efficiencies than other regions in 
terms of average values, especially from 2000 when the three regions began to indicate 
significant gaps than other regions. The other regions, including SA, NSW, Vic., Tas. 
and Qld, demonstrated smaller and appropriate results in all research phases. The 
efficiency values of the NT in 2001 and 2013 and of the ACT in 2012 and 2013 
achieved 1.000, which highlights that the NT and the ACT are located in the frontier of 
the global benchmark technology set in these years. Therefore, both of them can be 
regarded as benchmarks for the entire construction industry in terms of profitability 
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efficiency. The other construction industries could promote efficiency through learning 
construction techniques from the benchmarks, such as effectively applying advanced 
construction equipment and facilities, experienced workers, effective project 
management strategies. 
Table 6-3 Profitability efficiency of the Australian construction industry 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.4696 0.4797 0.4400 0.5273 0.5016 0.4596 0.6968 0.5659 
1991 0.4905 0.5273 0.4465 0.5677 0.5344 0.4813 0.7231 0.5854 
1992 0.4802 0.4908 0.4429 0.5337 0.5402 0.4921 0.6670 0.5886 
1993 0.4710 0.4880 0.4375 0.4873 0.5404 0.4800 0.6048 0.6194 
1994 0.5099 0.4806 0.4278 0.5169 0.5367 0.4793 0.6212 0.6432 
1995 0.5340 0.4966 0.4248 0.5754 0.5626 0.5960 0.5740 0.6567 
1996 0.5452 0.5104 0.4759 0.6427 0.5427 0.5704 0.5382 0.7907 
1997 0.5750 0.5082 0.4907 0.6162 0.5657 0.6266 0.5606 0.8049 
1998 0.5385 0.5021 0.4686 0.5727 0.5223 0.5874 0.5147 0.7374 
1999 0.5185 0.4882 0.4832 0.5588 0.5178 0.5367 0.5784 0.7769 
2000 0.5551 0.4907 0.5013 0.5234 0.5561 0.4509 0.7087 0.8052 
2001 0.5217 0.4414 0.4806 0.5314 0.6796 0.4505 1.0000 0.8244 
2002 0.5994 0.4982 0.5257 0.5485 0.5857 0.3730 0.5884 0.8028 
2003 0.5843 0.5105 0.5255 0.4893 0.5016 0.3796 0.5310 0.8184 
2004 0.5700 0.5106 0.5339 0.5728 0.6073 0.4240 0.7025 0.8950 
2005 0.5716 0.5162 0.5251 0.5867 0.5783 0.4647 0.8610 0.8723 
2006 0.5629 0.5217 0.4937 0.5754 0.5168 0.4958 0.7451 0.9024 
2007 0.5589 0.5527 0.4886 0.5835 0.5611 0.5145 0.8185 0.7767 
2008 0.5658 0.5211 0.4713 0.5829 0.5508 0.4920 0.9212 0.9068 
2009 0.5588 0.5043 0.4667 0.5045 0.6225 0.4702 0.8113 0.8928 
2010 0.5642 0.5245 0.4961 0.4991 0.6684 0.5215 0.7570 0.9000 
2011 0.5118 0.5702 0.5105 0.5362 0.7730 0.5005 0.6665 0.9020 
2012 0.5260 0.4737 0.4769 0.5701 0.9359 0.5468 0.8594 1.0000 
2013 0.4948 0.5131 0.4823 0.5303 0.9448 0.4830 1.0000 1.0000 
Mean 0.5366 0.5050 0.4798 0.5514 0.6019 0.4948 0.7104 0.7945 
The profitability effectiveness values of the Australian construction industry are 
described in Table 6-4, which are obtained by using Model (c). Most of construction 
industries, including WA, Tas., Vic., Qld, SA and NSW, illustrated a lot of fluctuations 
but with limited change scores in the entire study period. This is mainly caused by the 
change of gross operating surplus and gross mixed income in these regions and period. 
On the other hand, the NT illustrates a stable trend with a continuous and gradual 
increase. The ACT also showed a stable trend but with a continuous and gradual 
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decrease in all study phases. In the NT, the effectiveness score was 1.000 in 2005, which 
is the greatest value in all study phases. In other words, the NT in 2005 is the benchmark 
in the whole industry in terms of effectiveness. In order to promote effectiveness 
enhancement for the whole industry, the enterprise management experiences of the NT 
during 2004-2009 should be summarised and then deployed to the whole industry. 
Table 6-4 Profitability effectiveness of the Australian construction industry 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.6949 0.7627 0.6195 0.6587 0.7601 0.7913 0.4429 0.6196 
1991 0.7150 0.7181 0.6337 0.6663 0.6803 0.7171 0.5241 0.6875 
1992 0.7219 0.6864 0.6747 0.6700 0.6717 0.8003 0.4242 0.6586 
1993 0.6983 0.6622 0.6984 0.6556 0.6816 0.7611 0.4511 0.6324 
1994 0.6773 0.6868 0.7384 0.6328 0.7295 0.7691 0.5114 0.5978 
1995 0.6800 0.7271 0.7491 0.6632 0.7449 0.7585 0.4468 0.6230 
1996 0.7110 0.7386 0.7500 0.6569 0.7961 0.8224 0.4488 0.5731 
1997 0.7356 0.7470 0.7636 0.6759 0.7992 0.8609 0.4969 0.5717 
1998 0.7422 0.7342 0.7675 0.6626 0.7658 0.7486 0.5915 0.5792 
1999 0.7275 0.7449 0.7479 0.6460 0.7293 0.7136 0.7738 0.5908 
2000 0.7356 0.7986 0.7700 0.6618 0.7249 0.6916 0.7849 0.6936 
2001 0.5507 0.7044 0.6793 0.6053 0.7907 0.6817 0.8765 0.5130 
2002 0.6775 0.7706 0.7283 0.6597 0.6523 0.6797 0.8055 0.6687 
2003 0.7406 0.7650 0.7630 0.8063 0.7323 0.6097 0.8411 0.5939 
2004 0.7348 0.7939 0.7265 0.8108 0.7890 0.7694 0.9700 0.6609 
2005 0.6769 0.8516 0.7445 0.7550 0.7538 0.8443 1.0000 0.7203 
2006 0.6811 0.7975 0.7204 0.7541 0.8509 0.7989 0.8996 0.6559 
2007 0.6236 0.7819 0.6479 0.7101 0.8431 0.8373 0.9214 0.5851 
2008 0.5458 0.6705 0.6836 0.6275 0.8309 0.7281 0.9716 0.4892 
2009 0.5787 0.6986 0.7154 0.7080 0.8326 0.7373 0.9869 0.4560 
2010 0.6180 0.7187 0.7666 0.7710 0.8096 0.7786 0.7597 0.5148 
2011 0.6100 0.6611 0.7461 0.6515 0.7866 0.7822 0.7866 0.4994 
2012 0.5705 0.6546 0.7768 0.5916 0.7959 0.7646 0.7827 0.4460 
2013 0.6029 0.5664 0.7636 0.5518 0.7841 0.7403 0.8589 0.3287 
Mean 0.6688 0.7267 0.7240 0.6772 0.7640 0.7578 0.7232 0.5816 
6.4.2 Result analysis for the driving force indicators 
OPTE for the construction industry in Australia, which is computed via Model (a) under 
VRS, is displayed in Table 6-5. The construction industry in WA attained better OPTE 
results than any other region in all research phases. Particularly, WA performed a 
gradual and growth trend during the whole research period, and achieved the peak with 
1.000 in 2013. NSW, Vic., the NT and Qld followed WA in terms of the average value 
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of OPTE. It can be seen in Table 6-5 that NSW, Vic. and Qld indicates small waves over 
all research phases whereas the NT displayed large fluctuations especially in 1993 and 
2005 when OPTE in the NT achieved the highest scores. The reasons for this in 2005 
were discussed in Table 6-2. Compared to other research phases, the NT in 1993 
provided the minimal gross value added as the input factor in the second stage, which 
leaded to the highest point of OPTE. Although the ACT and SA were with small 
variations, both of them illustrated lower scores compared with other regions. Tas. 
attained the lowest mean values of OPTE because of seriously worsening from 2000 to 
2004. Therefore, the pure technical efficiency in Tas., SA and the ACT seemed 
underperformance.  WA particularly in 2013 as the leading region could provide useful 
and advantaged information for other regions so as to further develop OPTE.  
Table 6-5 Overall pure technical efficiency of profitability performance 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.6357 0.7129 0.5489 0.5114 0.6262 0.4463 0.7380 0.6077 
1991 0.6741 0.7360 0.5637 0.5471 0.5922 0.4227 0.6582 0.8361 
1992 0.6729 0.6657 0.5952 0.5284 0.5921 0.4846 0.6891 0.6390 
1993 0.6418 0.6400 0.6045 0.4715 0.5995 0.4526 1.0000 0.5422 
1994 0.6758 0.6512 0.6222 0.4830 0.6362 0.4582 0.7283 0.5230 
1995 0.7101 0.7117 0.6247 0.5690 0.6885 0.5510 0.3103 0.5209 
1996 0.7584 0.7441 0.7099 0.6216 0.7089 0.5806 0.2658 0.6516 
1997 0.8301 0.7475 0.7417 0.6242 0.7434 0.6609 0.3952 0.5990 
1998 0.7844 0.7247 0.7139 0.5594 0.6706 0.5216 0.3334 0.5745 
1999 0.7465 0.7187 0.7184 0.5420 0.6433 0.4592 0.4675 0.6639 
2000 0.8096 0.7700 0.7630 0.5028 0.6837 0.3782 0.6063 0.6785 
2001 0.5654 0.6080 0.6458 0.4706 0.8885 0.3660 0.9836 0.5745 
2002 0.7971 0.7477 0.7607 0.5222 0.6437 0.3049 0.9060 0.7276 
2003 0.8593 0.7615 0.7910 0.5755 0.6389 0.2801 0.5850 0.5782 
2004 0.8357 0.7937 0.7639 0.6861 0.8394 0.3925 0.8253 0.6862 
2005 0.7714 0.8590 0.7672 0.6703 0.7721 0.4693 1.0000 0.7499 
2006 0.7714 0.8068 0.6929 0.6515 0.8041 0.4227 0.7835 0.6500 
2007 0.7064 0.8423 0.6313 0.6403 0.8555 0.5138 0.9282 0.4850 
2008 0.6319 0.6863 0.6553 0.5720 0.7993 0.4334 0.9847 0.4967 
2009 0.6671 0.6979 0.6944 0.5739 0.8529 0.4182 0.9087 0.4674 
2010 0.7244 0.7535 0.7744 0.6343 0.8799 0.4894 0.6019 0.5404 
2011 0.6634 0.6170 0.8061 0.5777 0.9726 0.4727 0.5466 0.5060 
2012 0.6404 0.6348 0.8226 0.5573 0.9973 0.5029 0.7353 0.4843 
2013 0.6572 0.5925 0.8196 0.4863 1.0000 0.4295 0.9333 0.3556 
Mean 0.7179 0.7176 0.7013 0.5658 0.7554 0.4546 0.7048 0.5891 
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Table 6-6 illustrates OSE calculated by the percentage between profitability 
performance and OPTE. Tas. illustrated the highest scores in term of the average value 
and displayed a stable trend during the entire research period, especially as the leading 
region from 1990 to 1997 in Australia. The ACT and the NT followed Tas., and 
demonstrated an increasing trend in the research period. SA ranking in the fourth 
position in terms of the average value of OSE displayed a slight decrease over the entire 
study period. The other regions including WA, Vic., NSW and Qld are lagged behind 
the other regions in the OSE factor, which could be due to a slight decrease in the entire 
research period although WA illustrated an increase after 2006. Most importantly, Tas., 
the ACT, the NT, and SA are small construction market in Australia. For instance, the 
construction sector in the four regions respectively occupied the percentage of 11.93% 
and 9.72% in terms of gross value added and construction work done in the Australian 
construction industry in 2013.  Actually, ranking in gross value added and construction 
work done, WA, Vic., NSW and Qld are always the first four quantities in the 
construction industry in Australia.  As a result, it can be concluded that the small 
construction market is generally with the high scale efficiency in Australia; on the 
contrary, the large construction market is generally with the low scale efficiency.  
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Table 6-6 Overall scale efficiency of profitability performance 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.5132 0.5132 0.4965 0.6791 0.6088 0.8149 0.4181 0.5770 
1991 0.5202 0.5145 0.5020 0.6915 0.6139 0.8166 0.5758 0.4814 
1992 0.5151 0.5061 0.5020 0.6767 0.6130 0.8126 0.4106 0.6066 
1993 0.5124 0.5049 0.5055 0.6776 0.6144 0.8070 0.2728 0.7224 
1994 0.5110 0.5069 0.5077 0.6772 0.6154 0.8044 0.4362 0.7352 
1995 0.5114 0.5073 0.5094 0.6706 0.6087 0.8205 0.8264 0.7855 
1996 0.5111 0.5066 0.5027 0.6792 0.6094 0.8080 0.9086 0.6954 
1997 0.5095 0.5078 0.5052 0.6673 0.6082 0.8162 0.7050 0.7683 
1998 0.5096 0.5087 0.5037 0.6784 0.5964 0.8432 0.9131 0.7434 
1999 0.5053 0.5060 0.5030 0.6660 0.5870 0.8340 0.9574 0.6913 
2000 0.5044 0.5089 0.5058 0.6890 0.5896 0.8246 0.9175 0.8231 
2001 0.5082 0.5113 0.5055 0.6834 0.6048 0.8391 0.8911 0.7361 
2002 0.5095 0.5134 0.5033 0.6929 0.5935 0.8316 0.5232 0.7378 
2003 0.5035 0.5129 0.5069 0.6856 0.5750 0.8261 0.7633 0.8406 
2004 0.5012 0.5108 0.5078 0.6769 0.5708 0.8312 0.8256 0.8620 
2005 0.5015 0.5118 0.5096 0.6609 0.5646 0.8359 0.8610 0.8379 
2006 0.4970 0.5157 0.5133 0.6660 0.5469 0.9370 0.8555 0.9105 
2007 0.4934 0.5131 0.5015 0.6471 0.5529 0.8385 0.8125 0.9369 
2008 0.4887 0.5091 0.4916 0.6394 0.5726 0.8266 0.9089 0.8932 
2009 0.4847 0.5048 0.4808 0.6224 0.6077 0.8290 0.8811 0.8712 
2010 0.4813 0.5003 0.4911 0.6066 0.6150 0.8296 0.9554 0.8573 
2011 0.4705 0.6109 0.4725 0.6047 0.6253 0.8282 0.9591 0.8901 
2012 0.4685 0.4885 0.4504 0.6052 0.7469 0.8314 0.9148 0.9208 
2013 0.4539 0.4906 0.4494 0.6019 0.7408 0.8326 0.9202 0.9242 
Mean 0.4994 0.5118 0.4970 0.6602 0.6076 0.8300 0.7672 0.7853 
 
6.5 Comparative analysis of profitability performance indicators  
6.5.1 Comparisons between the whole construction system and stages 
In order to analyse the change in profitability performance for the whole construction 
industry, the annual means of profitability performance, efficiency and effectiveness are 
described in Figure 6-3. The profitability performance and efficiency illustrated lower 
values and similar trends in the entire research period. The profitability performance and 
efficiency attained a slight growth from 1990 to 1997, experienced a series of minor 
fluctuations from 1997 to 2011, and then increased from 2011 to 2013. However, 
observing from the whole trend, both of them enhanced in the whole period. Australian 
Government Productivity Commission (2014) has identified that the growth may result 
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from factors such as improving diffusion of technology, increasing management 
capabilities, reforming to workplace relations and innovation. Especially in 2005, the 
peak of profitability performance was achieved, which was resulted from a high point of 
profitability efficiency and the highest score of effectiveness. The effectiveness indicator 
demonstrated slight fluctuations and greater values than other indicators in the whole 
research period. From 1990 to 2000 and 2001 to 2005, effectiveness illustrated an 
increase. Since 2005, the effectiveness factor has indicated a decrease. As a result, this 
represented that the enterprise management would be a significant challenge within the 
construction industry in the future (Richardson, 2014). Furthermore, the effectiveness 
reached the lowest point in 2001, which may have been caused by the introduction of the 
Goods and Services Tax. Previous studies pointed out that the Goods and Services Tax 
had lowered productivity in 2000-01 for the construction industry (e.g. Li & Liu, 2010). 
However, through the global relational two-stage DEA method, it can be noticed that the 
Goods and Services Tax influenced the effectiveness obviously but did not demonstrate 
an evident effect on the profitability efficiency.  
 
Figure 6-3 Annual means of profitability performance indicators 
 
Table 6-7 manifests the correlation coefficients of profitability performance, efficiency 
and effectiveness in the Australian construction industry. The profitability performance 
and efficiency possess a strong positive correlation in all regions. However, compared 
with efficiency, effectiveness does not play an evident positive effect on profitability 
performance in most districts, although effectiveness shows a positive correlation with 
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profitability performance in the NT, Tas. and WA. Furthermore, the correlation between 
profitability efficiency and effectiveness is not obvious in most districts, with the 
exception of the NT with a positive correlation and the ACT with a negative correlation. 
In the NT, construction management and enterprise management may create a 
favourable interaction, where efficiency enhancement can promote effectiveness 
improvement. However, in the ACT, the construction industry pays large amounts to 
support efficiency enhancement, such as introducing advanced equipment and 
machinery, which could hinder effectiveness improvement.  
 
Table 6-7 Correlation analysis of the whole construction system and stages 
 
The outstanding achievements of effectiveness demonstrate the high level of enterprise 
management in the Australian construction industry. However, an opposite factor for 
effectiveness is labour income, as the gross operating surplus and gross mixed income 
are the differences between total factor income and total compensation of employees. 
Higher effectiveness indicates lower income for construction workers. Furthermore, 
although the effectiveness of all states and territories gains an obvious advantage, their 
profitability performance is still underperforming due to severe profitability inefficiency. 
This suggests that the whole construction industry operates at a high level of enterprise 
management, while needing to promote construction management steadily during the 
construction process. Therefore, widespread deployment and usage of the construction 
technologies of the NT and WA where the construction industries promote profitability 
  Correlation Coefficients 
Profitability performance 
and Profitability efficiency 
Profitability performance 
and  Effectiveness 
Profitability efficiency 
and  Effectiveness 
NSW 0.782 0.088 -0.547 
Vic. 0.859 0.395 -0.129 
Qld 0.978 0.368 0.170 
WA 0.982 0.738 0.600 
SA 0.895 0.512 0.082 
Tas. 0.968 0.802 0.638 
NT 0.965 0.923 0.815 
ACT 0.933 -0.448 -0.725 
Au. 0.914 0.462 0.101 
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efficiency, effectiveness and performance harmoniously will be an opportunity for 
breakthrough improvements of the whole construction industry.  
 
6.5.2 Comparisons between profitability performance and driving forces 
The driving forces for the profitability growth in the construction industry can be mainly 
divided into two sections: internal activities and external activities. Internal activities 
embody management skills of the construction sector, for example, development 
policies, resource allocation, technological application and workforce skills. The 
performance of internal activities can be represented in the indicator of OPTE. The 
external activities primarily include policy environment and construction market size, in 
which the effects can be simply characterised from the indicator of OSE. Table 6-8 
indicates the average values of profitability performance and driving force indicators for 
the whole construction industry during 1990–2013. The profitability performance in the 
NT, the ACT, Tas. and SA, in which the construction markets are small in Australia, is 
primarily promoted by OSE. The profitability performance in WA, NSW, Vic. and Qld, 
in which the construction markets are large in Australia, is hindered by the OSE factor. 
It can be concluded that the construction scale plays a negative effect in relation to 
promoting profitability performance in Australia. Moreover, the OPTE factor strongly 
enhances the development of profitability performance in WA, Vic., NSW and Qld. It 
can be concluded that the large construction sector generally masters advanced 
technologies and management skills. More importantly, due to outstanding achievements 
in the factors of OPTE and OSE, the NT displayed the best profitability performance in 
the Australian construction industry. 
 
Table 6-8 Driving forces for the profitability performance: 1990–2013 
 NSW Vic. Qld SA WA Tas. NT ACT Mean 
Profitability 
performance 0.359 0.367 0.348 0.373 0.462 0.377 0.531 0.456 0.409 
OPTE 0.718 0.718 0.701 0.566 0.755 0.455 0.705 0.589 0.651 
OSE 0.499 0.512 0.497 0.660 0.608 0.830 0.767 0.785 0.645 
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6.5.3 Regional variations in profitability performance indicators 
In order to further clearly illustrate regional imbalances and differences in the Australian 
construction industries, the coefficients of variation (CV) are measured for all 
performance indicators. Figure 6-4 demonstrates the CV results of the whole 
construction industry from 1990-2013. The CV index, which is mainly employed to 
measure differences and imbalances in regional development, is expressed as the 
standard deviation of an indicator divided by its average value (Wang et al., 2013). The 
larger CV scores of an indicator illustrate larger imbalances among different 
construction industries in terms of this indicator. In Figure 6-4, the CV of OSE displayed 
the smallest values in most of the study phases. In other words, little difference existed 
in the scale efficiency in the Australian construction industry during the research period. 
The CVs of profitability efficiency and effectiveness stayed in the middle level, which 
illustrates limited development differences in Australia. The CV of the profitability 
performance illustrated the largest values in most of the research period, which indicates 
there are marked regional imbalances in terms of profitability performance in the 
Australian construction sector. The indicator of OPTE followed the profitability 
performance with a large CV. Moreover, it can be seen in Figure 6-4 that the trends of 
all indicators displayed obvious fluctuations in the entire research period. Especially 
after 2010, CVs of all the performance indicators illustrated a marked increase. It is 
worth noting therefore that the whole industry should work to narrow the regional 
development differences, especially of the profitability performance. 
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Figure 6-4 The coefficients of variation in profitability performance indicators  
6.6 The advantages of the method of the global relational two-stage DEA 
The comparisons between the global relational two-stage DEA method and other related 
methods are provided, including the global DEA method (GDEA), relational two-stage 
DEA method (TDEA) and global relational two-stage DEA method (GTDEA). The 
DEA method is popularly utilised in current construction research. The GDEA method is 
mainly applied in productivity research (e.g. Pastor & Lovell, 2005), however, which 
cannot be identified in the construction domain. The TDEA method was proposed by 
Kao & Hwang (2008); but very few applications can be found in construction. This 
chapter explores the indicator of profitability performance and three time phases of 
1991, 2001 and 2012 that are located in the front, middle and finishing of the research 
phases to indicate corresponding measures. The scores and rankings of the results from 
all methods are listed in Table 6-9. 
 
 
 
 
 
 
 
132 
 
 
Table 6-9 Comparisions among different DEA methods in terms of profitability 
performance results 
Year Method NSW Vic. Qld WA SA Tas. NT ACT 
1991 
DEA 0.890 (5) 
0.967 
(4) 
0.684 
(8) 
1.000 
(1) 
0.851 
(6) 
0.823 
(7) 
1.000 
(1) 
1.000 
(1) 
GDEA 0.212 (6) 
0.281 
(3) 
0.196 
(8) 
0.374 
(1) 
0.201 
(7) 
0.237 
(5) 
0.276 
(4) 
0.308 
(2) 
TDEA 0.845 (4) 
0.905 
(3) 
0.601 
(8) 
0.947 
(2) 
0.721 
(6) 
0.685 
(7) 
0.730 
(5) 
0.958 
(1) 
GTDEA 0.161 (6) 
0.213 
(3) 
0.148 
(8) 
0.284 
(1) 
0.153 
(7) 
0.180 
(5) 
0.209 
(4) 
0.215 
(2) 
2001 
DEA 0.536 (5) 
0.537 
(4) 
0.490 
(6) 
1.000 
(1) 
0.423 
(7) 
0.355 
(8) 
1.000 
(1) 
1.000 
(1) 
GDEA 0.163 (7) 
0.192 
(6) 
0.201 
(4) 
0.603 
(2) 
0.160 
(8) 
0.201 
(5) 
0.633 
(1) 
0.293 
(3) 
TDEA 0.393 (6) 
0.407 
(5) 
0.417 
(4) 
0.902 
(2) 
0.334 
(8) 
0.339 
(7) 
1.000 
(1) 
0.585 
(3) 
GTDEA 0.124 (7) 
0.145 
(6) 
0.153 
(4) 
0.457 
(2) 
0.123 
(8) 
0.152 
(5) 
0.482 
(1) 
0.208 
(3) 
2012 
DEA 0.285 (8) 
0.310 
(7) 
0.504 
(4) 
1.000 
(1) 
0.332 
(6) 
0.354 
(5) 
0.850 
(3) 
1.000 
(1) 
GDEA 0.285 (8) 
0.310 
(7) 
0.504 
(4) 
1.000 
(1) 
0.326 
(6) 
0.340 
(5) 
0.850 
(3) 
1.000 
(1) 
TDEA 0.248 (8) 
0.285 
(7) 
0.435 
(4) 
0.987 
(1) 
0.288 
(6) 
0.338 
(5) 
0.707 
(2) 
0.591 
(3) 
GTDEA 0.191 (8) 
0.219 
(7) 
0.334 
(4) 
0.758 
(1) 
0.221 
(6) 
0.260 
(5) 
0.544 
(2) 
0.454 
(3) 
Note: DEA: Data Envelopment Analysis; GDEA: global DEA method; TDEA: 
relational two-stage DEA method; GTDEA: global relational two-stage DEA method. 
 
According to Table 6-9, three significant conclusions can be obtained. Firstly, based on 
the calculated results, the rankings of all DMUs are similar in the four methods, which 
could testify the correctness of the GTDEA method. Secondly, compared with the other 
three methods, the GTDEA method attains the smallest scores. Smaller scores indicate 
larger gaps between the observed DMU and the best-practice frontier. The scores can 
help decision-makers to correctly identify inefficient components through investigating 
internal calculated results. For instance, in the ACT in 2012, the ACT is efficient when 
observing from the methods of DEA and GDEA. However, in the method of GDEA, the 
ACT is actually efficient in the first stage as shown in Table 6-3, and inefficient in the 
second stage as illustrated in Table 6-4. Therefore, GTDEA can produce more effective 
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and informative performance results than others. Finally, the scores of GTDEA represent 
the smallest change from 1991 to 2001 to 2012; therefore, the GTDEA method is seen to 
avoid big fluctuations in calculation. This is also in accordance with the practice of 
production technology gradually being transformed by the whole industry. Furthermore, 
GTDEA not only provides an opportunity to investigate the internal structure of a 
production process, but also achieves comparable measurement results for all DMUs in 
all phases and different DMUs. Therefore, the GTDEA method could be a useful and 
suitable approach towards measuring relative efficiency of DMUs where internal 
inefficiency exists. 
 
6.7 Concluding remarks  
The profitability performance and its two dimensions of efficiency and effectiveness are 
investigated in the two-stage production process of the construction industry. The global 
relational two-stage DEA method was introduced to measure these indicators. 
Construction industries in the Australian states and territories were selected to 
demonstrate the application of the newly developed method. The conclusions of this 
study are stated as follows. 
 
The findings have policy implications for both environmental and economic 
development in the Australian construction industry. In the Australian construction 
industry, the profitability performance, efficiency and effectiveness had demonstrated a 
stable trend from 1991 to 2012, although the profitability performance and efficiency 
had showed a slight increase after 2003. Moreover, the profitability performance and 
efficiency illustrated lower values in all research periods for all the Australian 
construction industries when compared with greater effectiveness achievements. 
Therefore, the profitability performance was still with much to be improved in the whole 
research period in the Australian construction industry. Through this analysis, policy 
makers could deeply understand where and when to develop the profitability 
performance. To assess developmental differences of the profitability performance 
among the construction sectors in all states and territories, a variation analysis was 
operated. The indicators of profitability performance, efficiency and effectiveness 
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illustrated limited variation values in the whole research period, which means that there 
were no large gaps in profitability development among the regional construction sectors 
in Australia. However, the variation coefficients of the profitability performance and 
efficiency rose gradually after 2006. Therefore, the Australian construction industry 
should pay attention to the profitability unbalanced conditions. Future studies would 
benefit from applying this variation analysis to evaluate development differences.  
 
The study furthermore contributes to the body of knowledge of research methods by 
combining the relational two-stage DEA method with the global benchmark technology 
which were both first applied in the construction domain. The newly developed method 
of the global relational two-stage DEA not only yields efficiency scores for the whole 
system and each individual stage, but also provides an opportunity to compare efficiency 
scores in the same level of benchmark technology. The developed approach promotes 
the progress in modelling two-stage performance measurement. The new method is 
generic and can be replicated to investigate performance issues in other countries in 
which internal inefficiency exists in construction projects, organisations or industries. 
However, investigating production structures and identifying support data may be 
limitations for consideration in future research. 
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Chapter 7 Carbon reduction objectives in the Australian 
construction industry  
 
This chapter is related to a journal paper as: 
Hu, X., & Liu, C. (2015). Managing undesirable outputs in the Australian construction 
industry using Data Envelopment Analysis models. Journal of Cleaner 
Production, 101, 148-157.  
 
7.1 Introduction 
Climate change is a severe threat to human development. Climate change is primarily 
the effect of a serious and exponential increase in GHG emissions (Song et al., 2014). 
Many national and international activities have been explored to minimise the carbon 
footprint on the Earth. According to the Parliament of the Commonwealth of Australia 
(2009), 80 per cent of GHG must be reduced in developed countries by 2050 in order to 
meet emissions targets of 450 parts per million, which is a dangerous boundary value 
according to the scientific consensus. However, the necessity for a rapid reduction in 
carbon emissions could affect economic development (Harris, 2008). Therefore, setting 
carbon reduction objectives rationally and reasonably is a significant factor in reducing 
carbon emissions.  
 
Various research studies can be found about the reduction of carbon emissions. One of 
the most important achievements related this is the environmental-Kuznets-curve 
hypothesis, which theorises an inverted U-shaped relationship between per capita 
emissions of a pollutant and income (Grossman & Krueger, 1991; Copeland & Taylor, 
2003). Since the Kyoto Protocol and the Copenhagen Accord, the pollution mitigation 
targets promised by participating countries have been popularised as research objectives. 
Strachan & Kannan (2008) claimed that the UK’s promised carbon reduction targets are 
feasible in the long term despite many uncertainties, using the MARKAL–Macro model. 
Japan’s mitigation target could be achieved through investigations using goal analysis 
models (Okagawa et al., 2012). Bernstein et al. (2006) studied reduction potentials and 
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showed that developing countries could also abate their carbon emissions over the next 
15 years by upgrading their technology, provided that all the Annex B countries of the 
Kyoto Protocol achieved their targets. Asafu-Adjaye & Mahadevan (2013) investigated 
carbon reduction policies based on a dynamic, computable, general equilibrium model 
for Australia and emphasised that low-pollution technologies must be implemented 
aggressively.  
 
A significant emitter of carbon emissions is the construction industry, which consumes 
materials and energy supplied from other sectors. For instance, the cement, steel and 
construction industries rank first, second and third, respectively in the USA for their  
emissions per unit of energy consumed, with the first and second industries supplying 
materials for the construction sector (Avetisyan et al., 2011). Carbon reduction is a 
major issue for the construction industry. In order to enhance quantitative measurement 
for carbon reduction, this chapter employs DEA to investigate reduction targets for the 
Australian construction industry. The DEA technique can compare individual production 
methods by analysing the best-practice technology developed through all production 
methods and, as a deterministic method, has been utilised extensively. This chapter 
further extends the application of DEA to measure reduction targets of -e emissions 
according to different regulatory requirements and then to analyse the opportunity costs 
of carbon reduction for the value added. Furthermore, the Australian Government 
promised that Australia would unconditionally reduce its GHG emissions by 5% below 
2000 levels by the year 2020, or by up to 15% or even 25% if the world agreed to an 
ambitious global deal (United Nations Frame Convention on Climate Change, 2009). 
Accordingly, this chapter also evaluates the feasibility of this promised reduction in the 
Australian construction industry. 
 
7.2 The regulatory objectives 
The reduction targets of -e emissions are firstly defined, including the maximum, 
input, technical and ideal reduction targets. Through the DEA concept, these reduction 
targets are explained using the followed figures. 
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Figure 7-1 gives the definitions of the maximum, input and technical reduction targets, 
where the horizontal axis expresses inputs and the vertical axis expresses undesirable 
outputs. OL is the production technology frontier of a production technology set. A is an 
observation that is located away from OL. From the viewpoint of reducing undesirable 
outputs, the benchmark technology for A should be the one with the fewest undesirable 
outputs when holding desirable outputs constant. B, located on OL, is considered to be 
this benchmark. If A implemented the benchmark technology of B, A could move to B, 
where the distance (  – ) is the input shrinkage and the distance (O  – O ) is 
the maximum reduction quantity of undesirable outputs. If A merely decreased inputs 
from  to  under its current technology, the undesirable outputs of A could decline 
from  to . The distance (  – ) is called the “input reduction amount” (named 
by Helfand 1995) where inputs and undesirable outputs are minimised symmetrically 
and simultaneously. The distance (  – ) is named the “technical reduction 
amount”, where the reduction pathways include change-in-process techniques and end-
of-pipe abatement technologies (Dellink, 2005; Shadbegian & Gray, 2005). The 
abatement of undesirable outputs can be achieved via one of two methods: input 
reduction and technical reduction. The former practice reduces undesirable outputs by 
decreasing inputs, which diminishes production costs. The latter approach generally 
requires abatement technologies that tend to lead to extra expenditure. Therefore, the 
former approach could be a preferred measure to reduce undesirable outputs in practice.  
 
 
 
 
 
 
 
 
Figure 7-1 A diagrammed illustration of the maximum, input and technical reduction 
targets 
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The analysis of Figure 7-1 keeps the desirable outputs constant. However, the ideal 
situation is maximising desirable outputs and minimising undesirable outputs by input 
reduction simultaneously. In this ideal situation, extra expenditure is not required. This 
theory is depicted in Figure 7-2. The horizontal axis expresses undesirable outputs and 
the vertical axis expresses desirable outputs. A and B are the DMUs. OL is the 
production frontier of a production set; H is the peak of the production frontier. CF is the 
benchmark technology area for B and EH is the benchmark technology area for A, 
where the benchmark technologies can reduce undesirable outputs and/or increase 
desirable outputs. If A moved to H, the desirable outputs would be maximised and the 
undesirable outputs would be minimised. If A moved to E, the desirable outputs would 
remain invariant and the undesirable outputs would reach the maximum reduction 
quantity. In order to locate a proper benchmark point in the benchmark area, a 
hyperbolic hypothesis is provided, where the hyperbolic function lies with the two 
directions in which desirable outputs are increased and undesirable outputs are decreased 
symmetrically and simultaneously. This hypothesis avoids many of the proportional 
assumptions among the total factors in the multiple objective programming that is found 
in Lozano & Villa (2004). D and G are consequently identified as the ideal benchmark 
production technologies for B and A, respectively. The distances ( – ) and ( – 
) are the ideal reduction amounts of undesirable outputs for A and B, respectively. 
Therefore, the ideal reduction target is measured. 
 
 
 
 
 
 
 
 
Figure 7-2 A diagrammed illustration of the ideal reduction target 
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7.3 Methodology 
In summary, this section measures the following four targets for undesirable output 
reduction: 
Objective 1: measure the maximum reduction target ratio (MRTR) 
Objective 2: measure the input reduction target ratio (IRTR) 
Objective 3: measure the technical reduction target ratio (TRTR) 
Objective 4: measure the ideal reduction target ratio (DRTR). 
 
7.3.1 The reduction models according to different regulatory objectives 
Consider  (j=1, 2, …, J) observed in t=1, 2, … T time phases. Assume the inputs X 
= (x1,x2,…,xN)  of each DMU can produce desirable outputs = (y1,y2,…,yM)   
and undesirable outputs  = (b1,b2,…,bL)   by a production technology set F, i.e. 
Ft( ) = {( , ), Xt can produce  and  at time t}. The factors of the inputs, 
desirable outputs and undesirable outputs are all non-negative. All measurement models 
are based on sequential benchmark technology. The condition of VRS is applied in 
building the DEA models so as to indicate a change in inputs resulting in a 
disproportionate change in outputs (Ebrahimi & Salehi, 2014). 
 
Firstly, Model (7-1) is built in order to measure the  for the i-th observation. The 
model seeks the minimum level of undesirable outputs with no more than current inputs 
and no less than current desirable outputs. Consider the i-th observation with input–
output vector ( ; , ) in the production technology set , where S represents 
sequential benchmark technology. The  can be simulated in the equivalent 
specifications:  
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 = 1 –    (7-1) 
s.t.  
 ≤ , 
  ,  
 ≤  ,  
=1 and ,  
 .  
 
Here,  is the undesirable output efficiency, which illustrates that the i-th observation 
merely demands the amount  of undesirable outputs. Therefore, the undesirable 
outputs can be reduced  in this model.  expresses the intensity factor of 
each DMU, when this approach is utilised to structure the boundary of a production 
technology set from the beginning period to period . ,   represent n input, 
m desirable output and l undesirable output in the i-th vector at period , respectively. 
The constraint condition = 1 indicates the condition of VRS. 
(  can be considered the benchmark 
technology for the i-th observation, which is located on the frontier of production set . 
 
Secondly, in order to measure the  for the i-th observation, Model (7-2) is 
provided. Model (7-2) pursues the minimum amounts of inputs and undesirable outputs 
simultaneously and proportionally when not decreasing desirable outputs. Based on 
sequential benchmark technology, the model is shown in the following equivalent 
specifications: 
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 = 1 –   (7-2) 
s.t.  
≤ , 
 , 
 ≤  ,  
=1 and , 
. 
 
Thirdly, the  of the i-th observation is equal to the difference between the  
and the , as in Equation (7-3): 
 =  –       (7-3) 
 
Finally, the  of the i-th observation is measured in Model (7-4) and formulated as 
follows:  
 = 1 –   (7-4) 
s.t.  
≤ ,  
≥ ,  
≤  ,  
=1 and ,  
 
. 
 
Compared to Models (7-1) and (7-2), which restrict desirable outputs in non-decreasing 
conditions, Model (7-4) structures the boundary of a production technology set by 
considering all factors in which desirable outputs are increased and undesirable outputs 
are proportionally reduced by input reduction. The theoretical basis of Model (7-4) is 
rooted in the enhanced hyperbolic productive efficiency model that was proposed under 
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contemporaneous benchmark technology and CRS by Färe et al. (1989). In this model, 
 should be greater than zero because every DMU is in production and because of the 
validity of the constraint conditions. Model (7-4), which takes the form of nonlinear 
programming, can be transformed into Model (7-5) with linear programming as follows: 
   (7-5) 
s.t.  
≤ ,  
≥ , 
≤ ,  
=1 and , 
; 
. 
 
where desirable outputs can increase in the ratio of  and inputs decrease in the 
percentage of  followed by a proportional decline in undesirable outputs. The ideal 
reduction ratio is equal to  Model (7-5) is relatively convenient for calculation 
and the results of Models (7-4) and (7-5) are practically unanimous when using data 
from the Australian construction industry. In order to maintain consistency, this chapter 
describes the results of Model (7-4). 
 
7.3.2 The opportunity cost model for increasing desirable outputs 
The reduction quantities of undesirable outputs can be calculated for different objectives 
using the above methods. However, how much will desirable outputs be affected by the 
mitigation of undesirable outputs? In other words, does the reduction of undesirable 
outputs influence the production of desirable outputs? This chapter employs the concept 
of opportunity cost to measure this influence. In this chapter, opportunity cost is defined 
as the cost of using the potential increased opportunity of desirable outputs in aiming to 
achieve the reduction targets of undesirable outputs, where the production does not 
select the best option for improving desirable outputs. Model (7-6) defines the maximum 
143 
 
potential ratio of increasing desirable outputs as the objective, while limiting inputs and 
undesirable outputs to no more than the actual values of the observing .  
 
      (7-6) 
s.t.  
≤ ,  
≥ ,  
≤ ,  
=1 and ,  
 
. 
 
 is the potential ratio of producing desirable outputs for  in time .The symbol 
 is the intensity factor of each DMU. Model (7-6) displays the maximum of the 
potential increasing value . Moreover, from Models (7-1), (7-2) and (7-
4), the potential production value  of desirable outputs can be 
respectively obtained for the maximum reduction situation, the input reduction situation 
and the ideal reduction situation. As a result, the potential ratio of producing desirable 
outputs, which is equal to the ratio of the potential production value of desirable outputs 
divided by the actual desirable outputs, can be calculated for the different reduction 
targets as follows: 
 =  × 100%      (7-7) 
 
Overall, by comparing the different potential production ratios of desirable outputs, the 
opportunity costs are analysed, which are the expenses of achieving the different 
regulatory carbon abatement objectives. 
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7.4 Empirical application 
7.4.1 Reduction analysis of carbon emissions 
The  values for the Australian construction industries over 1990–2013 can be 
measured by applying Model (7-1). Table 7-1 displays the results obtained. The 
reduction space for the ACT is null except in 1998 when it presented a 3.6% reduction 
ratio. The reduction values for WA, the NT and NSW in many research phases are also 
null values. This means that -e emissions are available in those regions and phases; 
otherwise, the reduction would hinder any desirable construction. Some regions show an 
interesting performance because various large waves emerge over the research decades. 
The reasons for this can be investigated by observing the operational process in Model 
(7-1). For instance, in NSW, if the gross value added were better than that of WA, then 
the benchmark for NSW would be itself, with the largest construction market in 
Australia, and the reduction amount would be null. Conversely, if the gross value added 
of NSW were less than that of WA, then the benchmark for NSW would be WA and the 
reduction amount would be greater. Whatever the value in NSW, many different 
measures need to be adopted in -e reduction there, compared with the situation in 
WA. The Tas. construction industry needs to lessen -e emissions by about 61.90% 
from the average values. SA, Qld and Vic. also require tremendous potential amounts of 
improvement in carbon emissions efficiency. Furthermore, the reduction pressure for 
most of the Australian construction sectors illustrates a growing trend over the whole 
activity period.  
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Table 7-1 The maximum reduction percentages for the Australian construction 
industries 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.00% 0.00% 26.34% 0.00% 0.00% 55.75% 0.00% 0.00% 
1991 0.00% 0.00% 36.76% 0.00% 0.00% 53.87% 0.00% 0.00% 
1992 0.00% 20.88% 37.54% 18.19% 0.00% 50.11% 0.00% 0.00% 
1993 12.52% 21.75% 38.38% 34.96% 0.22% 56.93% 0.00% 0.00% 
1994 0.00% 24.15% 38.90% 25.78% 0.00% 57.43% 0.00% 0.00% 
1995 0.00% 26.27% 36.40% 0.00% 0.00% 25.91% 15.90% 0.00% 
1996 0.00% 22.19% 37.21% 0.00% 0.37% 60.01% 28.46% 0.00% 
1997 0.00% 33.55% 34.93% 0.00% 17.51% 49.34% 11.15% 0.00% 
1998 0.00% 29.64% 35.91% 22.92% 20.54% 50.07% 29.36% 3.60% 
1999 0.00% 24.75% 33.96% 31.25% 0.00% 53.34% 46.24% 0.00% 
2000 0.00% 30.64% 35.95% 45.46% 0.00% 55.14% 16.49% 0.00% 
2001 20.99% 39.26% 43.62% 50.51% 0.00% 50.04% 0.00% 0.00% 
2002 0.00% 24.03% 0.00% 38.78% 13.06% 66.38% 0.00% 0.00% 
2003 0.00% 18.27% 28.21% 46.32% 0.00% 66.80% 0.00% 0.00% 
2004 0.00% 19.55% 25.41% 34.66% 0.00% 80.72% 0.00% 0.00% 
2005 0.00% 0.00% 23.87% 31.84% 0.00% 74.48% 0.00% 0.00% 
2006 0.00% 14.17% 17.30% 45.24% 0.00% 57.85% 4.85% 0.00% 
2007 0.00% 13.63% 12.45% 42.75% 0.00% 74.28% 0.00% 0.00% 
2008 0.00% 25.84% 7.18% 49.63% 0.00% 76.55% 0.00% 0.00% 
2009 0.00% 44.74% 15.40% 60.34% 0.00% 75.51% 0.00% 0.00% 
2010 0.00% 46.50% 41.52% 58.42% 0.00% 72.95% 35.15% 0.00% 
2011 57.03% 59.36% 46.02% 62.79% 0.00% 74.86% 37.07% 0.00% 
2012 62.76% 66.11% 52.70% 64.98% 0.00% 73.52% 21.61% 0.00% 
2013 63.53% 63.04% 52.15% 63.17% 0.00% 73.72% 0.00% 0.00% 
Mean 9.03% 27.85% 31.59% 34.50% 2.15% 61.90% 10.26% 0.15% 
 
Table 7-2 shows the  values obtained through Model (7-2). The IRTR provides 
information that -e can be reduced by decreasing input resources. The entire 
Australian construction industry, except for Tas., demonstrated no space to reduce 
emissions in many research phases. In other words, carbon emissions were limitedly 
abated by reducing the input resources in the Australian construction industry. The ACT, 
WA and NSW with the least reduction quantities had small amounts abated through 
input shrinkage in several phases. The NT, Vic. and Qld followed those regions. The 
IRTR of SA, which showed obvious growth after 2000, dropped by 12.16% from the 
annual mean. The diminution ratio of the Tas. construction industry, with the largest 
value in Australia, showed some gentle fluctuations between 1995 and 1999, but was 
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then steady at more than 30%. Of significant note are the upward trends in the whole 
construction industry over the research period, especially after 2008.  
 
Table 7-2 The input reduction percentages for the Australian construction industries 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.00% 0.00% 26.34% 0.00% 0.00% 55.75% 0.00% 0.00% 
1991 0.00% 0.00% 0.00% 0.00% 0.00% 27.58% 0.00% 0.00% 
1992 0.00% 0.00% 0.00% 3.37% 0.00% 22.39% 0.00% 0.00% 
1993 0.00% 0.00% 4.01% 12.77% 0.05% 24.94% 0.00% 0.00% 
1994 0.00% 0.00% 11.31% 7.01% 0.00% 25.38% 0.00% 0.00% 
1995 0.00% 0.02% 17.11% 0.00% 0.00% 6.44% 7.55% 0.00% 
1996 0.00% 0.00% 0.00% 0.00% 0.03% 14.75% 14.56% 0.00% 
1997 0.00% 0.00% 0.00% 0.00% 3.14% 6.80% 4.79% 0.00% 
1998 0.00% 1.05% 0.00% 0.00% 0.07% 11.82% 15.07% 1.47% 
1999 0.00% 0.00% 0.00% 3.01% 0.00% 20.27% 0.00% 0.00% 
2000 0.00% 1.00% 0.00% 15.51% 0.00% 34.75% 0.00% 0.00% 
2001 8.88% 18.43% 5.34% 24.98% 0.00% 33.83% 0.00% 0.00% 
2002 0.00% 9.88% 0.00% 20.43% 1.65% 42.35% 0.00% 0.00% 
2003 0.00% 3.49% 0.00% 22.03% 0.00% 42.82% 0.00% 0.00% 
2004 0.00% 1.64% 0.00% 13.59% 0.00% 50.58% 0.00% 0.00% 
2005 0.00% 0.00% 0.00% 10.11% 0.00% 48.67% 0.00% 0.00% 
2006 0.00% 7.14% 6.43% 15.22% 0.00% 44.55% 2.69% 0.00% 
2007 0.00% 3.35% 0.00% 11.40% 0.00% 31.55% 0.00% 0.00% 
2008 0.00% 7.62% 0.00% 11.82% 0.00% 43.70% 0.00% 0.00% 
2009 0.00% 10.08% 14.21% 23.34% 0.00% 47.18% 1.36% 0.00% 
2010 0.00% 8.30% 12.39% 25.10% 0.00% 39.97% 15.23% 0.00% 
2011 0.00% 26.71% 16.08% 23.23% 0.00% 42.81% 13.27% 0.00% 
2012 0.00% 23.98% 14.46% 20.80% 0.00% 39.17% 8.62% 0.00% 
2013 0.00% 16.51% 16.00% 28.14% 0.00% 49.86% 0.00% 0.00% 
Mean 0.37% 5.80% 5.99% 12.16% 0.21% 33.66% 3.46% 0.06% 
 
The  values for the Australian construction industries are described in Table 7-3 
using Model (7-3). The table demonstrates the enormous reduction in quantities carried 
out by Tas., Qld, SA and Vic., followed by NSW, the NT and WA which all 
demonstrated limited amounts of carbon reduction using technical methods in some 
periods. The small amount of -e emissions for WA could be reduced using technical 
methods. The abatement quantities for the ACT were null except in 1998.  
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Table 7-3 The technical reduction percentages for the Australian construction industries 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 
1991 0.00% 0.00% 36.76% 0.00% 0.00% 26.29% 0.00% 0.00% 
1992 0.00% 20.88% 37.54% 14.82% 0.00% 27.72% 0.00% 0.00% 
1993 12.52% 21.75% 34.37% 22.19% 0.17% 31.98% 0.00% 0.00% 
1994 0.00% 24.15% 27.60% 18.77% 0.00% 32.05% 0.00% 0.00% 
1995 0.00% 26.24% 19.29% 0.00% 0.00% 19.47% 8.35% 0.00% 
1996 0.00% 22.19% 37.21% 0.00% 0.35% 45.26% 13.90% 0.00% 
1997 0.00% 33.55% 34.93% 0.00% 14.36% 42.54% 6.36% 0.00% 
1998 0.00% 28.58% 35.91% 22.92% 20.47% 38.26% 14.30% 2.13% 
1999 0.00% 24.75% 33.96% 28.24% 0.00% 33.07% 46.24% 0.00% 
2000 0.00% 29.64% 35.95% 29.95% 0.00% 20.39% 16.49% 0.00% 
2001 12.11% 20.83% 38.28% 25.53% 0.00% 16.21% 0.00% 0.00% 
2002 0.00% 14.15% 0.00% 18.36% 11.42% 24.03% 0.00% 0.00% 
2003 0.00% 14.78% 28.21% 24.29% 0.00% 23.98% 0.00% 0.00% 
2004 0.00% 17.91% 25.41% 21.07% 0.00% 30.13% 0.00% 0.00% 
2005 0.00% 0.00% 23.87% 21.73% 0.00% 25.82% 0.00% 0.00% 
2006 0.00% 7.03% 10.87% 30.03% 0.00% 13.30% 2.16% 0.00% 
2007 0.00% 10.27% 12.45% 31.35% 0.00% 42.73% 0.00% 0.00% 
2008 0.00% 18.21% 7.18% 37.82% 0.00% 32.86% 0.00% 0.00% 
2009 0.00% 34.66% 1.19% 37.00% 0.00% 28.33% -1.36% 0.00% 
2010 0.00% 38.20% 29.13% 33.32% 0.00% 32.97% 19.92% 0.00% 
2011 57.03% 32.65% 29.94% 39.56% 0.00% 32.04% 23.81% 0.00% 
2012 62.76% 42.12% 38.24% 44.18% 0.00% 34.34% 12.98% 0.00% 
2013 63.53% 46.53% 36.15% 35.04% 0.00% 23.86% 0.00% 0.00% 
Mean 8.66% 22.05% 25.60% 22.34% 1.95% 28.24% 6.80% 0.09% 
 
Table 7-4 indicates the  values of -e emissions for the Australian construction 
industry. The results are calculated using Model (7-4). The Tas. construction industry 
needed to decrease by the largest amount of -e of the regions in Australia. Compared 
to Tas., the -e reduction ratio of SA possessed small average values. Vic., the NT 
and Qld followed and only displayed reductions in some phases. There was no space for 
NSW to reduce. The ACT only required a decrease in -e in 2001 and WA only 
required this in 1996, 1997 and 2001.  
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Table 7-4 The ideal reduction percentages for the Australian construction industries 
  NSW Vic. Qld SA WA Tas. NT ACT 
1990 0.00% 0.00% 0.00% 0.00% 0.00% 18.36% 0.00% 0.00% 
1991 0.00% 0.00% 0.00% 0.00% 0.00% 13.80% 0.00% 0.00% 
1992 0.00% 0.00% 0.00% 1.63% 0.00% 11.90% 0.00% 0.00% 
1993 0.00% 0.00% 1.83% 6.58% 0.03% 13.30% 0.00% 0.00% 
1994 0.00% 0.00% 5.43% 3.51% 0.00% 13.35% 0.00% 0.00% 
1995 0.00% 0.01% 8.63% 0.00% 0.00% 2.95% 3.12% 0.00% 
1996 0.00% 0.00% 0.00% 0.00% 0.01% 7.73% 9.77% 0.00% 
1997 0.00% 0.00% 0.00% 0.00% 1.56% 3.41% 2.12% 0.00% 
1998 0.00% 0.50% 0.00% 0.00% 0.03% 0.00% 10.71% 1.47% 
1999 0.00% 0.00% 0.00% 1.43% 0.00% 10.75% 0.00% 0.00% 
2000 0.00% 0.48% 0.00% 7.85% 0.00% 20.19% 0.00% 0.00% 
2001 0.00% 9.60% 2.31% 12.94% 0.00% 28.31% 0.00% 0.00% 
2002 0.00% 5.07% 0.00% 10.66% 0.79% 40.22% 0.00% 0.00% 
2003 0.00% 1.71% 0.00% 11.59% 0.00% 40.70% 0.00% 0.00% 
2004 0.00% 0.73% 0.00% 6.91% 0.00% 29.54% 0.00% 0.00% 
2005 0.00% 0.00% 0.00% 5.00% 0.00% 25.97% 0.00% 0.00% 
2006 0.00% 3.51% 2.21% 7.69% 0.00% 29.18% 1.91% 0.00% 
2007 0.00% 1.66% 0.00% 5.52% 0.00% 14.87% 0.00% 0.00% 
2008 0.00% 3.85% 0.00% 5.67% 0.00% 22.43% 0.00% 0.00% 
2009 0.00% 5.16% 1.87% 11.96% 0.00% 27.76% 0.87% 0.00% 
2010 0.00% 4.17% 6.32% 13.07% 0.00% 22.37% 8.80% 0.00% 
2011 0.00% 14.34% 2.87% 12.27% 0.00% 24.38% 6.48% 0.00% 
2012 0.00% 11.82% 0.00% 10.49% 0.00% 21.89% 4.50% 0.00% 
2013 0.00% 7.19% 0.00% 14.69% 0.00% 26.60% 0.00% 0.00% 
Mean 0.00% 2.91% 1.31% 6.23% 0.10% 19.58% 2.01% 0.06% 
 
7.4.2 Opportunity cost analysis  
Based on Models (7-6) and (7-7), the potential ratios of increasing value added are 
obtained for different measurement situations from 1990 to 2013. The average results 
are given in Figure 7-3. The vertical coordinate is the average potential ratio of 
increasing value added. When there is no potential increased value for value added, the 
ratio is 1. The horizontal coordinate is the four measurement situations for all the 
construction sectors. The four situations are the maximum reduction (measuring 
MRTR), input reduction (measuring IRTR), ideal reduction (measuring DRTR) and 
measuring maximum increasing value-added ratio (MIVR) situations. 
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Figure 7-3 The opportunity costs for different production scenarios 
The performances of all sectors as seen in Figure 7-3 can be divided into four groups. 
First, it can be seen that the value added could not be increased in any situation in NSW. 
In other words, -e reduction does not affect the production of the value added when 
achieving those reduction objectives. Second, the construction industries of Vic., SA and 
the NT meet the same scenario, where the value added can be increased in the situations 
of MRTR, DRTR and MIVR, but this is not possible in the IRTR situation. It can be 
concluded that the reduction in undesirable outputs is partially transferred into 
enhancing desirable outputs and the input shrinkage can reduce carbon emissions 
without decreasing the value added. Third, in Qld and WA, the value added is improved 
under DRTR and MIVR, but is not developed under MRTR or IRTR. Under MIVR, the 
construction sector in Qld increases the value added in an average ratio of 2.03% over 
1990–2013. WA can only annually enhance the value added by 0.2% over the entire 
research period. Fourth, in any situation, the value added is improved in Tas. and the 
ACT. Tas. showes the largest growth ratio of the value added with average ratios of 
42.45%, 19.58%, 12.60% and 0.01% under MIVR, DRTR, MRTR and IRTR, 
respectively. The ACT indicates small values to enhance the value added in all 
situations. 
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From Figure 7-3, Tas. incurs the highest opportunity cost when reducing -e, because 
it has the largest increasing ratio in MIVR, followed by SA. The other sectors 
demonstrate limited or no opportunity costs when reducing -e. Furthermore, all the 
scores in Figure 7-3 are greater than or equal to 1. Therefore, it can be argued that the 
Australian construction industry can reduce its -e emissions without being 
excessively anxious about a decrease in the industry gross value added. Decision-makers 
in the construction industry can develop optimal targets and policies by taking into 
account the demand and supply for infrastructure, housing, business buildings, structural 
enforcement and repair engineering (Myers, 2004). 
7.5 Comparisons among various reduction targets to the emission level of 
2000 year 
Aiming to evaluate the feasibility of achieving the promised production targets for the 
Australian construction industry, Table 7-5 shows the various reduction target ratios 
from 2001 to 2013, in comparison to the emission level of the year 2000 which is the 
promised criterion from the Australian Government. The results in columns (a), (b), (c) 
and (d) are the differences between 1 and the scores of the average value of current or 
target emissions over 2001–2013 divided by the emissions of 2000.  
Table 7-5 The carbon reduction ratios over 2001–2013 compared to 2000 
Region 
Current 
reduction 
ratio (a) 
Maximu
m 
reduction 
ratio (b) 
Input 
reductio
n ratio 
(c) 
Ideal 
reduction 
ratio (d) 
(b)–(a) (c)–(a) (d)–(a) 
NSW –3.67% 13.63% –3.00% –3.67% 17.30% 0.67% 0.00% 
Vic. –2.72% 32.11% 8.28% 2.79% 34.83% 11.00% 5.51% 
Qld –4.32% 25.23% 2.58% –3.09% 29.56% 6.91% 1.23% 
SA –1.09% 49.64% 18.40% 8.91% 50.74% 19.49% 10.01% 
WA –12.33% –11.34% –12.21% –12.27% 0.99% 0.12% 0.06% 
Tas. –19.50% 66.09% 31.77% 12.18% 85.59% 51.27% 31.68% 
NT 12.44% 18.81% 15.10% 13.89% 6.37% 2.66% 1.45% 
ACT 13.80% 13.80% 13.80% 13.80% 0.00% 0.00% 0.00% 
AU –4.40% 21.81% 2.83% –1.23% 26.22% 7.23% 3.17% 
Note: a negative sign means an increase of carbon emissions. 
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Column (a) is the current -e reduction ratio, which is compared by the average 
values of -e emissions over 2001–2013 to the emissions of 2000. The construction 
industries of the ACT and the NT decreased their -e emissions over the research 
decades. However, the other states drove increasing emissions, especially in Tas. 
Column (b) gives the maximum reduction percentages from 2001 to 2013. Tas., SA, 
Vic. and Qld had large reduction amounts over the decade compared to their emissions 
levels in 2000. The construction industries of the NT, the ACT and NSW also reduced 
-e emissions by 18.81%, 13.80% and 13.63% respectively. WA needed to increase 
-e emissions by only 11.34% compared to the emission level of 2000. In other 
words, compared to the emission level of 2000, WA annually increased -e emissions 
by 11.34% so as to achieve the maximum reduction target between 2001 and 2013. 
Column (c) indicates the input reduction ratios. The results in column (c) are much 
smaller than the results in column (b) in Tas., SA, Vic. and Qld. The results in columns 
(b) and (c) are similar in WA, the NT and the ACT. NSW improved -e emissions by 
3% in the input reduction situation. Column (d) gives the ideal reduction ratios. 
Compared to the emissions of 2000, the NT annually cut back -e emissions by 
13.89% at the same time from 2001 to 2013, followed by the ACT, Tas. and SA. The 
percentage of decreasing -e emissions in Vic. was limited. However, the -e 
emissions of WA, NSW and Qld should improve by 12.27%, 3.67% and 3.095% 
respectively and so enhanced the gross value added in the activity phases. 
 
The gaps between the calculated results and the current situations are shown in the last 
three columns of Table 7-5. The largest gaps belong to Tas. where the maximum, input 
and ideal reduction disparities are enormous. This suggests that Tas. should implement 
valid and comprehensive measures to reduce -e emissions, not only by improving its 
abatement technology but also by implementing input constraints, for instance, 
enhancing construction management and developing appropriate construction strategies. 
SA and Vic possessed the same situations as Tas.. Although Qld and NSW also have 
large reduction volumes, both of them probably need to advance environmental 
efficiency because of the limited input reduction ratios, such as through the introduction 
of abatement technologies. WA and the NT both illustrate small reduction values of 
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-e emissions. Although there is a certain increase in current -e emissions in WA, 
WA uses the increased -e emissions to produce a large amount of value added. 
Therefore, WA displays limited reduction scores under all reduction objectives. 
Although the three reduction objectives existed in the NT, efficient abatement activities 
were implemented over the surveyed phases, therefore limited reduction results are 
required. Furthermore, the construction industry of the ACT decreases its -e 
emissions entirely through input constraint in the current situation and then promotes 
growth in the value added simultaneously. 
 
From Table 7-5, the Australian Government can achieve its unconditional reduction goal 
in the construction industry. Even if Australia aimed to achieve the 25% ratio reduction 
goal, this is possible in the construction industry. The whole industry could decrease 
-e emissions by 26.22% under the maximum reduction objective. Moreover, the 
input mitigation percentage for the entire construction industry remains 7.23% by 
decreasing inputs. This is because the ideal level of -e emissions was approached by 
3.17% annually from 2001 to 2013, when the gross value added increased and -e 
emissions reduced, which could satisfy all stakeholders’ requirements. However, the 
industry has improved by just 4.4% annually in the survey phases, compared to 2000. 
This seems to be a challenge for the reduction goals of the Australian Government. 
Summarising and popularising the environmental construction activities of the ACT, 
WA and the NT through the whole construction industry would be a significant and 
effective pathway to advancing environmental efficiency. The ACT and the NT have 
implemented effective carbon reduction measures, and WA significantly improved 
carbon emissions efficiency over 2001 to 2013. 
 
-e emissions can be reduced by input restraint and/or technical abatement. In the 
construction industry, the main approaches to input restraint comprise establishing 
effective management of organisations and developing appropriate process flows to 
maximise the benefits of input utilisation. For instance, before ground-breaking, 
effective operational construction strategies can provide useful and detailed guides for 
the construction process, thereby contributing to avoid poor decisions, faulty 
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management and waste of resources. The technical abatement approach primarily 
intends for reduction to take place in construction, where -e emissions can be 
decreased by eliminating outdated equipment and promoting energy-efficient facilities. 
Steps can also be taken to develop new construction techniques and construction 
materials, such as green construction technologies and energy conservation products. 
Representative construction policymakers could choose the input constraint approach in 
order to reduce undesirable outputs, which would save construction expenditure as well. 
The technical abatement approach generally requires additional facilities and 
construction methodologies, which adds to construction expenses. However, in practice, 
input restraint is usually dependent on specific construction conditions and is difficult to 
implement, while technical reduction is generally utilised expediently and effectively. 
Therefore, from this analysis, production decision-makers could choose the optimum 
reduction approaches according to their production situations. 
 
7.6 Concluding remarks 
In this chapter, the reduction targets for -e emissions have been identified for the 
Australian construction industry, including the maximum, input, technical and ideal 
reduction targets. Four DEA models have been introduced in order to allow 
policymakers to comprehend these reduction targets for undesirable outputs. Sequential 
benchmark technology has been applied to define the construction technology set in 
DEA. Furthermore, to investigate the opportunity costs of -e reduction in different 
production situations, the optimum model for increasing desirable outputs has been 
introduced. This chapter has also evaluated the feasibility of abatement from 2001 to 
2013 compared to the emission level of 2000 year for various regulatory objectives. 
 
The construction industries of the ACT and WA, which were generally located on the 
frontier of the construction technology set, demonstrated the lowest mitigation quantities 
in all regions, followed by the NT. The ACT and the NT have actualised effective 
environmental activities to decrease -e emissions in practice. The input and ideal 
reduction percentages of NSW were limited. If NSW’s construction industry needs 
further carbon reduction, it should introduce more advanced and efficient facilities so as 
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to promote environmental construction. The construction industries of Tas., SA, Vic. 
and Qld need to decrease their -e emissions dramatically, not only through input 
constraint but also by utilising technical abatement. The greatest reduction amount was 
found in the Tas. construction industry and its actual -e emissions increased rapidly 
over the survey period. Tas. also incurred the highest opportunity cost when reducing 
-e, because of its largest increasing ratio in the maximum value added situation. 
Furthermore, policymakers should set -e reduction targets according to different 
regional situations. In brief, the Australian construction industry could fulfil the 
reduction targets and advance production simultaneously if it deployed the 
environmental construction practices of WA, the ACT and the NT in other states and 
territories.  
 
This chapter primarily contributes to efforts to reduce carbon emissions through 
investigating various reduction targets from spatial and temporal perspectives. The 
research method presented in this chapter could be applied to other sectors or regions in 
order to identify and analyse the reduction targets for undesirable outputs. However, the 
large variations in the measurement results could be a limitation of this study, although 
these variations could be explained by analysing the original data. This is a result of the 
limited number of DMUs and the fact that the DMUs have obvious imbalances and 
differences among themselves. Future research could investigate the reduction of 
undesirable outputs using other feasible measures. 
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Chapter 8   Conclusions 
 
8.1 The main findings 
Carbon reduction has become one of the most significant challenges for economic 
growth. Building a harmonious relationship between economic growth and carbon 
reduction is conducive to promoting sustainable global development. The construction 
industry is a large component of the economy and a high emitter of carbon in most 
countries worldwide. Hence, low-carbon development in the construction industry could 
strengthen the sustainability of global economic development. Yet, carbon reduction has 
not been comprehensively and quantitatively related to construction performance 
evaluation in existing research. This does not accurately depict the nature of construction 
and therefore yields biased estimation results. Effective performance measurement can 
support the improvement of construction performance and the reduction of carbon 
emissions. This study has demonstrated low-carbon development for improving 
construction industry performance through measuring multidimensional performance 
trends and investigating the driving forces underlying performance changes. Most 
importantly, this study has explored corresponding measurement techniques for different 
performance development targets, especially based on DEA methods.  
 
The research methods utilised have systematically measured the construction industry 
performance in consideration with carbon emissions for different production 
requirements. In Chapter 3, the trends and driving forces of carbon emission 
performance have been evaluated in the context of reducing undesirable outputs using 
the DEA-based Malmquist index. In Chapter 4, in the context of reducing undesirable 
outputs and increasing desirable outputs, CP as a type of PFP has been investigated 
based on decomposition analysis using the LMDI index; and changes in TFP have been 
measured and evaluated using the DEA-based Malmquist–Luenberger index, the 
direction distance function and sequential benchmark technology. Chapters 5 has built 
two SBM DEA models to measure and assess eco-efficiency trends and driving forces in 
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the context of reducing undesirable outputs, increasing desirable outputs and conserving 
inputs. Chapter 6 has developed a global relational two-stage DEA model to investigate 
the profitability performance and influencing factors when considering input and 
undesirable output constraints. Feasible targets for reducing undesirable outputs, 
including maximum, input, technology and ideal reduction targets, have been measured 
and discussed under different production scenarios in Chapter 7. These research methods 
contribute to the aspects of building new DEA models, innovatively measuring 
performance indicators, and developing new integration and/or decomposition 
technologies.  
 
Data from the Australian construction industry from 1990 to 2013 have been employed 
to develop the performance measurement models. The measurement results have 
quantitatively and systematically delivered valuable recommendations and actions about 
performance changes and driving forces related to simultaneous construction growth and 
carbon reduction for the Australian construction industry. As a consequence, the 
research results can benefit low-carbon development without sacrificing industry value 
added and profits in construction. The primary conclusions can be summarised as 
follows. 
 
Firstly, the performance in the whole construction industry has demonstrated an increase 
from observations of all measured performance indicators. The cumulative Malmquist 
trends of total factor carbon emission performance experienced a continuous and 
gradually increasing period over 1990–2013. CP and eco-efficiency in the whole 
industry have also improved in the research phases, especially after 2003 with rapid 
growth. The Malmquist–Luenberger change index for TFP has displayed an increase 
observed from the average values in all regions except SA. Moreover, profitability 
performance in the entire industry attained slight growth from 1990 to 2013. Therefore, 
it can be concluded that performance in relation to construction growth and carbon 
reduction has improved from 1990 to 2013 in Australia.  
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Secondly, the construction industry in different regions has obtained different 
performance development rates and the performance gaps among these regional 
construction sectors became apparent over the study years in Australia. This argument is 
substantiated from the performance indicators of total factor carbon emission 
performance, carbon productivity, eco-efficiency and profitability performance. Before 
2003, there were no obvious performance imbalances or differences among these 
construction sectors. However, performance imbalances and differences grew among 
these construction sectors after 2003. An obvious example is the performance trends in 
eco-efficiency. Eco-efficiency clearly improved in the whole construction industry from 
the intertemporal benchmark analysis, but declined in most of the regional construction 
sectors from the window benchmark analysis. The reason for this is that the gaps 
between different regions widened so much that the relative efficiency values decreased. 
In terms of the majority of performance indicators, the ACT, the NT and WA displayed 
better achievements than the other regions; in these three regions performance showed 
rapid progress after 2003. According to these measurement results from Chapter 3 to 
Chapter 7, the ACT, the NT and WA can be considered as the low-carbon development 
benchmarks in the Australian construction industries.  
 
Thirdly, the driving forces have demonstrated different functions in the performance 
changes. The technological factor played a significant role in the performance changes 
in the Australian construction industry. This factor has promoted performance changes 
and/or shown a strong correlation with the performance changes. The indicator of pure 
technical efficiency has not evidently increased as observed in most of the performance 
indicators. In other words, pure technical efficiency has played a limited role in 
performance development. Many factors in decreasing efficiency can be identified in the 
construction process, such as variability in subcontractor capability, interruptions/poor 
coordination, poor site supervision and design problems. Moreover, the scale factor has 
played a positive role in promoting carbon emission performance progress. However, 
TFP and profitability performance improvements are delayed by scale efficiency 
changes. The scale factors affecting performance of the construction industry can be 
signified by two groups: internal scale capacities (e.g., business capital and staff size), 
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and external scale factors (e.g., residential housing demand and public project 
investment). A suitable enterprise-scale system and adequate construction market are 
significant factors in promoting performance in the construction industry. 
 
Fourthly, the performance of the Australian construction industry can be further 
improved over time. First, summarising and popularising the construction techniques 
from the benchmarks, including the ACT, the NT and WA, would be beneficial in order 
for policy-makers to promote sustainable development in the Australian construction 
industry. Second, technological innovations and development of construction methods, 
construction theories and process flows would be advantageous for achieving 
technological progress and then promoting performance improvement. For example, the 
construction industry actively and appropriately applies advanced construction 
technologies, such as interoperable technology (e.g. Building Information Modelling), 
prefabrication, preassembly, modularisation, and off-site fabrication techniques and 
processes. Third, pure technical efficiency must be improved, for instance, enhancing 
job-site efficiency through more effective interfacing of people, processes, materials, 
equipment and information. Fourth, the policy-makers of the construction industry 
should not only revolve around the external scale factors, such as residential housing 
demand and public project investment, but also pay close attention to internal scale 
capacities, for example, resource allocation, business capital and staff size.  
  
Fifthly, carbon emissions can be further reduced so as to simultaneously achieve 
construction growth and carbon reduction in the Australian construction industry. Most 
Australian regions’ construction industries possess carbon mitigation potential and some 
of them could increase their desirable outputs if carbon were decreased. First and 
foremost, carbon reduction strategies related to the construction industry must be 
implemented alongside a strategy to promote technological innovation. For instance, the 
Australian Government has implemented or planned to implement numerous clean 
production strategies, such as the Australian Renewable Energy Agency, the Clean 
Technology Program, the Clean Energy Finance Corporation, the Carbon Farming 
159 
 
Futures Fund, the Steel Transformation Plan and the Biodiversity Fund. Moreover, 
environmental policies and measures could be implemented to promote sustainable 
development in the Australian construction industry. For example, in the USA, the 
program Clean Construction USA assists contractors, owners and operators of 
construction equipment and vehicles to reduce emissions from older engines, including 
maintaining their equipment properly, reducing idling, retrofitting diesel engines with 
verified technologies, replacing older equipment, using cleaner fuels and repowering 
equipment. Above all, expenditure in relation to reducing carbon emissions can be 
compensated for by reducing the cost of input sources and enhancing construction 
efficiency. 
 
Sixthly, the approach developed here is generic and can enhance performance 
measurement and DEA research levels in construction. Effective performance 
measurement can drive efficiency and support development for construction. This study 
has presented the key advantages and disadvantages of the popular efficiency 
measurement methods and benchmark technologies utilised in DEA. Multiple 
performance measurement indicators have been estimated using different measurement 
methods so as to achieve different research objectives, especially in relation to 
promoting the innovations and applications of DEA. This approach can assist 
construction projects, organisations and industries worldwide to measure, compare and 
evaluate performance and then to identify the influencing factors for improving 
performance. More importantly, the advanced methodology of performance 
measurement in this study is in the presence of undesirable outputs. Last but not least, 
this research can be utilised to systematically formulate policies for reducing carbon 
emissions. 
 
This research primarily contributes to efforts to provide methods for performance 
measurement by reducing resource consumption and/or minimising environmental 
impacts, together with adding production value simultaneously, aiming to enhance low-
carbon development in the construction industry. 
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8.2 Limitations of the thesis 
Detailed limitations related to the research methods have been discussed in previous 
chapters in this study. However, two research limitations are highly recommended to be 
addressed in future studies. 
 
This study has quantitatively provided performance measurement results, driving forces 
analysis, carbon reduction targets and low-carbon recommendations. However, these 
results and recommendations have not been tested and verified by certain methods and 
in practice. In other words, the research of construction performance enhancement with 
carbon reduction could be future explored using qualitative analysis methods. For 
instance, the learning of techniques from the benchmarks could promote low-carbon 
development for the whole construction industry. However, the specific techniques from 
the benchmarks have not been summarised and surveyed in this research, which would 
be achieved by using qualitative research methods such as participant observation and 
in-depth interviews. Moreover, although this study has concentrated on the same 
construction sectors in Australia, applying techniques learned from the benchmarks may 
be difficult in practice occasionally, because construction sectors generally meet 
different development situations and market conditions in different regions. 
 
Another limitation is about the sample data. Some performance evaluation results could 
not be measured in Chapter 3 and Chapter 4, although this study has employed advanced 
benchmark technologies in DEA models to attempt to address this problem. There are 
eight DMUs in one research period and there are huge imbalances in construction 
market sizes among the DMUs in the study case of the Australian construction industry. 
This may have led to large fluctuations in the measurement results. Therefore, further 
work should pay attention to this situation. Moreover, due to data limitations, there is 
only one undesirable output applied in this research. This method could be utilised in 
production with multiple undesirable outputs. Therefore, identifying, collecting and 
compiling further database should be a task for future research. 
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8.3 Future research 
The proposed methods in this research could be further developed and applied. The 
research has studied carbon emission performance in a total factor framework. This 
approach could be utilised to comprehensively study production performance for any 
one input or output variable. The developed application of the LMDI decomposition 
analysis could be replicated to analyse other partial performance indicators. The TFP 
measurement approach could be utilised to measure performance when considering 
desirable and undesirable outputs simultaneously. This study has built slacks-based DEA 
models with intertemporal and window benchmark technologies which provide new 
pathways for measuring and comparing performance indicators in temporal and spatial 
dimensions. A two-stage DEA, which is a type of network DEA, has measured overall 
efficiency for a whole construction system and yielded scores for the individual stages of 
the system. This method could be applied to quantify overall performance, identify 
internal inefficiency components and recognise competitive advantages for a complex 
production system. Moreover, this study has integrated several different DEA models 
together focusing on a research question. This could contribute to the ability of policy-
makers to formulate production targets under different production constraints. Also, 
other DEA techniques, such as bootstrapping analysis, cross-efficiency analysis and 
dynamic DEA, are expected to be innovatively applied in the related research areas.  
 
Furthermore, this study has involved quantitative research but there is little qualitative 
analysis in this research focusing on performance advancement and carbon reduction. 
The DEA results that have been obtained by comparing inefficient DMUs with best-
practice DMUs have not provided knowledge of how to achieve these efficient targets. 
Further work could apply new methods to microcosmic analyses to attain more detailed 
results of how to enhance performance with carbon reduction in construction processes. 
As an illustration, this study has demonstrated that the functions of the technological 
factor, pure technical efficiency factor and scale efficiency factor are diverse in different 
performance indicators. However, there are various aspects of these factors. Further 
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work could investigate powerful, appropriate and specific aspects and measures so as to 
further improve production performance. 
 
Nonetheless, since the combination of performance measurement and undesirable output 
reduction is still a developing field, many industrial issues and method improvements, as 
demonstrated above, remain to be addressed in the future. 
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Appendix 
 
Appendix 2-1 Employed persons ('000) by construction  
NSW Vic. Qld SA WA Tas. NT ACT 
1990 208 157 116 37 59 12 5 9 
1991 208 139 109 39 51 12 6 9 
1992 177 118 101 42 51 11 5 11 
1993 176 119 114 38 58 12 5 10 
1994 184 116 126 36 65 15 5 10 
1995 188 127 136 36 70 13 6 11 
1996 208 131 125 35 70 13 7 9 
1997 194 127 124 35 74 12 6 10 
1998 200 133 122 36 74 11 7 10 
1999 214 142 133 37 70 12 8 7 
2000 242 152 140 45 77 11 7 9 
2001 230 155 133 41 78 11 7 11 
2002 231 173 134 45 80 11 5 8 
2003 237 176 146 46 76 12 7 10 
2004 261 183 162 48 83 13 8 10 
2005 274 188 184 51 91 16 8 11 
2006 265 208 199 51 104 16 8 12 
2007 283 224 220 55 110 17 8 13 
2008 288 220 233 55 121 18 9 15 
2009 297 223 242 61 125 20 10 12 
2010 288 234 228 65 126 20 12 13 
2011 279 249 229 71 132 20 12 15 
2012 292 246 223 67 128 21 12 14 
2013 277 238 229 67 131 18 14 14 
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Appendix 2-2 Construction work done of total construction types ($ Millions) 
NSW Vic. Qld SA WA Tas. NT ACT 
1990 14353 10424 7643 2572 4342 690 383 835 
1991 14695 8861 6983 2635 3585 683 432 830 
1992 12814 7045 7020 2121 3375 752 395 886 
1993 12711 7131 7964 2213 3852 743 392 893 
1994 12997 7681 8797 2207 4645 735 537 868 
1995 14378 8313 9839 2110 4525 668 609 878 
1996 15070 8484 8828 1934 5169 719 647 752 
1997 15178 9110 9558 2121 5429 685 659 799 
1998 17348 10577 10420 2589 6341 592 677 751 
1999 19593 12768 10796 2496 6469 621 910 820 
2000 21720 13971 12178 3250 6774 653 671 933 
2001 17366 13407 10732 2754 5657 604 478 787 
2002 18468 15480 12182 3485 6831 883 1585 883 
2003 22283 18313 14628 4266 9112 872 1698 1160 
2004 25642 20305 17176 4777 9725 1204 2021 1189 
2005 27446 22227 20480 5443 11865 1466 2250 1224 
2006 28307 23706 24822 5384 18559 1822 2535 1792 
2007 28547 24449 30381 6251 25116 1913 2445 2214 
2008 31055 27341 35766 6636 30141 1978 2143 2182 
2009 34788 29725 40130 8250 34352 2286 3543 2364 
2010 36787 32039 37898 10003 35138 2465 2211 2799 
2011 39841 35701 41917 10177 38252 2517 2146 3491 
2012 40073 36366 51522 9873 54230 2283 3232 3617 
2013 43856 35417 55902 10385 55898 2183 4742 3266 
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Appendix 2-3 Construction industry gross value added ($ Millions) 
NSW Vic. Qld SA WA Tas. NT ACT 
1990 8881 6984 5218 2054 3213 516 421 562 
1991 9336 6746 4904 2213 2965 535 488 576 
1992 8233 5381 4883 1803 2881 593 425 613 
1993 8063 5410 5255 1697 3149 577 386 653 
1994 8916 5604 5515 1797 3574 573 455 665 
1995 10152 6137 5953 1954 3715 648 500 690 
1996 10790 6415 6213 2022 3954 667 515 734 
1997 11485 6729 6776 2111 4288 698 493 787 
1998 11974 7444 6894 2244 4455 566 508 689 
1999 12839 8405 7353 2168 4528 542 689 772 
2000 14926 9038 8319 2419 5025 479 691 913 
2001 11727 7853 7245 2169 5347 443 777 784 
2002 14159 9944 8744 2644 5301 501 769 848 
2003 16044 11668 10041 2748 5694 508 949 1087 
2004 17521 12726 11641 3512 7318 741 1355 1224 
2005 18521 13817 13210 4004 8211 960 1735 1200 
2006 18841 14632 14443 3870 10892 1082 1593 1762 
2007 18964 15989 17095 4457 15003 1301 1602 1854 
2008 20652 16584 19081 4688 16579 1293 2103 2126 
2009 22450 17240 20873 4860 19647 1371 2100 2257 
2010 23856 19157 21049 5690 21237 1609 1868 2676 
2011 23301 18549 23757 6225 25954 1572 1908 3135 
2012 24122 19556 26051 6459 31469 1588 2632 3583 
2013 24547 20659 27337 6274 32484 1355 3606 3460 
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Appendix 2-4 -e emissions (Gg) from construction  
NSW Vic. Qld SA WA Tas. NT ACT 
1990 1953 1770 1804 566 883 207 141 68 
1991 1858 1683 1711 540 840 195 131 66 
1992 1855 1676 1714 538 837 194 130 67 
1993 1888 1692 1731 543 845 196 130 69 
1994 1922 1703 1753 543 862 198 130 71 
1995 1984 1731 1787 550 889 200 131 74 
1996 2022 1748 1809 553 906 201 133 75 
1997 2054 1768 1819 558 921 201 133 77 
1998 2093 1818 1837 569 937 200 133 78 
1999 2215 1904 1893 592 974 204 135 75 
2000 2216 1904 1892 587 969 202 133 86 
2001 2189 1878 1859 568 946 196 128 70 
2002 2207 1919 1905 572 951 197 127 74 
2003 2218 1946 1919 578 959 199 126 72 
2004 2185 1979 1982 580 997 240 120 77 
2005 2127 1946 2004 592 1001 257 116 65 
2006 2215 1862 1902 575 1090 155 110 69 
2007 2309 1921 1977 595 1150 275 112 75 
2008 2337 1925 2027 603 1156 280 116 70 
2009 2313 1916 1974 594 1170 270 112 71 
2010 2360 1925 1949 601 1150 266 110 75 
2011 2444 2022 1986 615 1178 267 111 80 
2012 2485 2112 2058 625 1188 266 114 82 
2013 2471 2081 2111 620 1211 266 109 84 
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Appendix 2-5 Gross operating surplus and gross mixed income by construction ($ 
Millions)  
NSW Vic. Qld SA WA Tas. NT ACT 
1990 4005 3457 2098 878 1585 265 121 226 
1991 4332 3144 2017 957 1309 249 166 257 
1992 3857 2397 2138 784 1256 308 117 262 
1993 3654 2325 2382 722 1393 285 113 268 
1994 3919 2498 2643 738 1692 286 151 258 
1995 4480 2896 2894 841 1796 319 145 279 
1996 4979 3075 3024 862 2043 356 150 273 
1997 5483 3262 3358 926 2224 390 159 292 
1998 5768 3547 3434 965 2214 275 195 259 
1999 6062 4063 3569 909 2143 251 346 296 
2000 7126 4684 4157 1039 2364 215 352 411 
2001 4191 3590 3194 852 2744 196 442 261 
2002 6226 4973 4133 1132 2244 221 402 368 
2003 7711 5793 4972 1438 2706 201 518 419 
2004 8356 6556 5489 1848 3746 370 853 526 
2005 8147 7639 6390 1964 4020 527 1128 533 
2006 8369 7595 6784 1902 6035 563 934 622 
2007 7680 8117 7191 2052 8204 705 950 709 
2008 7331 7215 8469 1910 8937 611 1315 668 
2009 8429 7847 9679 2230 10586 655 1346 684 
2010 9598 8937 10486 2851 11157 815 914 848 
2011 8838 8030 11378 2610 13256 789 779 931 
2012 8986 8392 12904 2569 15033 789 1222 1050 
2013 9607 7486 13481 2244 15480 610 1924 773 
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Appendix 4-1 The converting process of measuring carbon productivity change 
 
  
 
 
Appendix 4-2 The decomposition process of total factor productivity change 
 
Consider , , , 
,  and represented by 
“a”, “b”, “c”, “d”, “e” and “f”, respectively. Therefore,  
 
 = =  =      
=  
 
 
 
 
 
Technological change 
Pure technical efficiency change Scale efficiency change 
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Appendix 5-1 The transformation of eco-efficiency index 
 
In Figure 5-2, consider that Q is the benchmark for P. Undesirable output can be 
considered a kind of input due to that both inputs and undesirable outputs should be 
decreased (Hailu and Veeman 2001; Wu et al. 2014). The eco-efficiency of P is given by 
. Due to the fact that Q is located on the frontier of the production set, the eco-
efficiency of Q is given by . Assume  and  are the slacks of an input and a 
desirable output, and so: 
  
 
Therefore, the eco-efficiency index of P is obtained from the above equation. In a 
system of multi-inputs and multi-outputs, the arithmetic means of all slacks for inputs 
and outputs are utilised, respectively. 
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Appendix 5-2 The transformation of eco-efficiency measurement model 
 
In Model (5-1), the numerator and denominator of the objective function are multiplied 
by α (α ). All the constraints are multiplied by α in both sides of the equations. As a 
result, Model (5-1) is transferred into: 
=    
s.t.   
 =     
 =               
 =             
, α  and  
  
 
Consider the denominator of the objective function is equal to 1. Let , 
,  and . The following linear programming will be 
obtained. 
=    
s.t.   
 =     
 =               
 =              
                            
, α  and  
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Appendix 5-3 The eco-efficiency changes of the SBM DEA window benchmark 
analysis 
 NSW Vic. Qld SA WA Tas. NT ACT Mean 
1990-91 1.0548 1.0835 1.0038 1.0835 1.0399 1.0538 1.0997 1.0457 1.0581 
1991-92 0.9617 0.9060 1.0358 0.8824 1.0237 1.1339 0.9530 1.0000 0.9871 
1992-93 0.9344 0.9794 0.9644 0.9235 1.0158 0.9428 0.9981 1.0000 0.9698 
1993-94 1.0489 0.9761 0.9394 1.1252 0.9225 0.9196 1.0513 1.0000 0.9979 
1994-95 0.9966 1.2365 0.9169 1.0659 0.9833 1.2651 0.8299 0.9254 1.0274 
1995-96 0.9294 0.7145 1.0350 1.2281 0.8771 0.8018 0.8334 1.0807 0.9375 
1996-97 1.0827 1.0291 1.0610 0.7939 1.0387 1.4460 1.4458 1.0000 1.1122 
1997-98 0.9308 0.9675 0.9386 0.8320 0.9296 0.6606 0.6379 0.8697 0.8458 
1998-99 0.9244 0.9455 0.9475 0.9117 0.9518 0.8625 1.1021 1.1499 0.9744 
1999-00 1.0642 1.0027 1.0407 0.8994 1.0419 0.8234 1.2437 1.0000 1.0145 
2000-01 0.8721 0.8802 0.9209 0.9631 1.1291 0.8831 1.1436 0.9999 0.9740 
2001-02 1.1275 1.1054 1.1262 1.0857 0.8956 1.0175 1.0000 1.0001 1.0447 
2002-03 0.9463 0.9904 0.9452 0.8681 0.8848 0.9475 0.8243 1.0000 0.9258 
2003-04 0.9532 0.9736 0.9795 1.1339 1.1305 1.1065 1.2129 1.0000 1.0613 
2004-05 0.9525 0.9735 0.9480 0.9914 0.9365 1.0450 1.0003 0.9080 0.9694 
2005-06 0.9361 0.9432 0.9283 0.9225 0.9854 1.0531 0.9662 1.1013 0.9795 
2006-07 0.9517 1.0212 1.0161 1.0116 1.1595 1.0026 0.9281 0.9246 1.0019 
2007-08 0.9821 0.9347 0.9534 0.9636 0.9311 0.9114 1.1152 1.0816 0.9842 
2008-09 0.9568 0.9296 0.9572 0.8511 1.0195 0.9068 0.9999 0.9605 0.9477 
2009-10 1.0054 1.0202 1.0197 1.0084 1.1205 1.0946 0.7059 1.0412 1.0020 
2010-11 0.8900 0.8433 1.0128 0.9932 0.9916 0.9209 0.9627 0.9396 0.9443 
2011-12 0.9498 0.9720 0.9415 1.0025 1.0324 0.9954 1.0864 1.0643 1.0055 
2012-13 0.9812 1.0740 0.9955 0.9397 1.0117 0.8975 1.3546 1.0000 1.0318 
Mean 0.9753 0.9783 0.9838 0.9774 1.0023 0.9866 1.0215 1.0040 0.9912 
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